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Abstract Summaries are an essential component of video retrieval and browsing systems.
Most research in video summarization has focused on content analysis to obtain compact
yet comprehensive representations of video items. However, important aspects such as how
they can be effectively integrated in mobile interfaces and how to predict the quality and
usability of the summaries have not been investigated. Conventional summaries are limited
to a single instance with certain length (i.e. a single scale). In contrast, scalable summaries
target representations with multiple scales, that is, a set of summaries with increasing length
in which longer summaries include more information about the video. Thus, scalability
provides high flexibility that can be exploited in devices such as smartphones or tablets to
provide versions of the summary adapted to the limited visualization area. In this paper, we
explore the application of scalable storyboards to summary adaptation and zoomable video
navigation in handheld devices. By introducing a new adaptation dimension related with
the summarization scale, we can formulate navigation and adaptation in a two-dimensional
adaptation space, where different navigation actions modify the trajectory in that space. We
also describe the challenges to evaluate scalable summaries and some usability issues that
arise from having multiple scales, proposing some objective metrics that can provide useful
insight about their potential quality and usability without requiring very costly user studies.
Experimental results show a reasonable agreement with the trends shown in subjective eval-
uations. Experiments also show that content-based scalable storyboards are less redundant
and useful than the content-blind baselines.
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1 Introduction

Visual surrogates, and in particular video summaries, are an essential component of video
retrieval and browsing applications, especially when the particular content is long and com-
plex (e.g. movies, news programs, documentaries). A search query in YouTube often returns
a large number of results, each of which may be also long and with complex temporal struc-
ture. Similarly, a folder or a personal collection may contain hundreds of videos. Summaries
can save time and effort by providing compact representations preserving the essence of the
content.

Mobile networks, smart handheld devices and inexpensive storage space have played
a crucial role in the explosion of video content, as not only professionals but also com-
mon users now can contribute with their own content. In particular, smartphones and
tablets have changed the traditional way to interact with multimedia content, and partic-
ularly with video. These devices integrate high quality recording, so any user can record
videos and share them from any place and in any situation. Nowadays, enjoying a movie
on the bus, watching the latest news or sharing your experiences during a trip are com-
mon situations enabled by these technologies. . However, dealing with this huge amount
of data is particularly challenging in handheld devices due to the limited size of the
screens.

Finding interesting content in a large list of videos is inherently multiscale. As we
often are just interested in a short segment (e.g. sports news in a news bulletin, a spe-
cific scene of a movie, a funny moment in a TV show), the problem is not only limited
to deciding which video but also to finding the segment of interest. However, commonly
used surrogates such as one keyframe, the title or a short textual description can hardly
grasp the underlying visual content in the video and present it in an intuitive way. Visual
summaries [40], such as storyboards, provide a more intuitive way to explore videos and
video collections. However, these surrogates are longer, requiring more time be visualized.
In cases when the display area is limited (e.g. smartphones), shorter summaries requiring
smaller area are also preferred. Motivated by this problem, we focus on scalable storyboards
[8, 18], in which summaries of different lengths can be obtained with fine granularity.
Thus, scalable storyboards can effectively balance summary length and amount of infor-
mation depending on the particular needs, with potential applications in browsing and
adaptation.

While many methods can generate, implicitly or explicitly, scalable storyboards, most
of them just ignore this aspect. Thus, the implications of summarization scalability are not
studied. In that sense, models to represent scalable summaries and their potential applica-
tions have been barely explored. Another important problem is how to evaluate the quality
of a summary and particuarly a multiscale summary. An exhaustive subjective evaluation of
scalable summaries is very challenging due to a dramatic increase in the number of instances
to be evaluated. There are no specific evaluation protocols for scalable summaries, and, in
particular, no suitable objective quality metrics.

In this paper we address some of these unexplored issues and describe potential appli-
cations in the context of handheld devices (e.g. smartphones, tablets). In our model,
different instantiations of a scalable summary are represented as points in a multidimen-
sional space, and adaptation consists in finding the optimal instance in a constrained
optimization problem. Then we show how this model can be applied in content adap-
tation and multiscale summary navigation. In the latter, some usability aspects must
be also considered. In particular, smooth transitions between different scales of the
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summary can be even more important than the summary itself. In addition we high-
light the challenges of evaluating the quality of scalable storyboards, and propose
some objective measures that we can use to comparedifferent methods. A user study
reveals certain correlations between these objective measures and the subjective mea-
sures.

The rest of the paper is organized as follows. Section 2 review previous works in related
areas. The framework of multiscale storyboards and some basic concepts are introduced in
Section 3, and several specific algorithms to generate them are described in Section 4. In
Section 5, the adaption model is described together with some applications. The problem
of evaluating multiscale summaries is discussed in Section 6, where some objective metrics
are also proposed. Finally, Section 7 and Section 8 describe the experiments and present the
conclusions, respectively.

2 Related work

2.1 Video summarization and adaptation

Visualizing video content is time-consuming due to its intrinsic temporal nature. So in order
to provide effective and fast browsing, surrogates can provide a quick idea about the content
in just a fraction of the original duration. Compared with textual surrogates such as titles
and descriptions, visual abstracts (e.g. thumbnails, short clips) are much more intuitive and
suitable to browse video [24]. However, most video browsing and retrieval systems still use
a single thumbnail, which is usually insufficient to grasp all the complexity of a long video.
The most important visual surrogates are storyboards and video skims. The former is a
very compact representation consisting of a sequence of still images (keyframes) extracted
from the source sequence. The latter consists of a short sequence built with excerpts
of the source sequence, less compact representation but preserving the dynamic nature
of video.

Video summarization is a challenging field as it involves high level understanding to
select representative pieces of the original video, and present them in an effective, intuitive
and appealing way [26, 40]. Unfortunately, the so called semantic gap [39] is still very large,
and complex methods often just contribute with very minor improvements compared with
simple content-blind baselines (e.g. evenly spaced keyframes, fast-forward) [30], or do not
make any difference at all [32]. Object recognition [46] and event detection techniques [33,
44] can help to guide the summarization of complex videos, by detecting and highlighting
objects and events of interest. Subtitles and other textual cues provide useful information
that can be leveraged to generate more abstract summaries [9, 11]. Sometimes, preserving
semantic information is not the most important aspect. For instance, affective analysis [47,
48] can be included to create specialized summaries such as movie trailers [20], where the
emotions often play a more important role than semantic information. For the purpose of this
paper, we restrict our discussion to summaries where the objective is to preserve semantic
information.

On the other hand, content adaptation [7] aims at maximizing the user experience by
creating and delivering a suitable version of the content, adapted to the specific usage
conditions (e.g. different terminals and networks) [42]. Particularly important is the case
of handheld devices, where other issues such as limited computational resources and low
power consumption requirements become very important. For instance, transcoding [2, 43]
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and scalable video coding [1, 29, 36] can deliver bitstreams with different resolutions,
bitrates or frame rates, according to the particular requirements.

Often, the content itself can be analyzed and exploited to improve the adaptation. Thus,
video summarization can be also considered as a special type of content-aware adaptation
(or semantic adaptation), in which the structure of the video is modified to show only
some key parts providing more a compact representations of the content [7]. Further-
more, video summaries themselves could be adapted to the usage context (e.g. the frame
size and bitrate of a video skim can be also adapted to the terminal and network).
Thus, summarization and adaptation can be often integrated in the same framework
[17].

Adaptation is usually posed as an optimization problem with constraints where the objec-
tive is to maximize certain utility function (e.g. perceived quality, user experience). Standard
tools to describe terminals and networks (e.g. screen resolution, network bitrate, decoding
capabilities) and constraints and utility functions are included in the standards MPEG-7 and
MPEG-21 [42]. Scalable approaches are well suited for these type of problems, as adapta-
tion consists in finding the adaptation coordinates, and the actual generation of the adapted
bitstream is very simple and fast. For instance, scalable image and video adaptation are often
formulated in this way [27]. Similarly, considering video summaries as intrinsically scal-
able data, in this paper we exploit the idea of scalability for summarization, navigation and
adaptation.

2.2 Multiple scales in video summaries

Traditionally, research in video summarization has been focused on content analysis and
redundancy removal, implicitly considering a single scale. As sometimes a single scale may
be insufficient, hierarchical summarization approaches [4, 6, 49, 50] exploit the narrative
structure of video sequences to provide the users with a set of summaries with different
levels of detail, according to a narrative hierarchy (e.g. chapters, scenes, shots, frames).
Each level in this hierarchy is in fact a different scale, and summaries increase their lengths
as we include lower levels. However, these summaries are not scalable within each level.
These scales provide a very coarse grained scalability with rigid boundaries related to the
hierarchy, which is exploited in hierarchical browsing applications, but not so adequate for
adaptation.

In contrast, scalable summarization should aim at a larger number of scales in order
to address scenarios requiring fine adjustment of the summary length. Scalable summaries
have a number of applications, ranging from the customized adaptation of video sum-
maries to a given length and progressive video access, to visualization and interactive video
browsing. Zhu et al. [50] introduce some degree of scalability at the lowest level of a hier-
archical summary. Some methods can implicitly create scalable summaries, although they
do not exploit their multiscale nature. Albanese et al. [3] describe a representation of video
sequences based on a priority curve. When this curve is computed, a summary of any
desired length can be easily created. However, the main drawback of this method is that it
needs manual annotation of the sequence. An iterative growing algorithm [16] has been pro-
posed to generate scalable storyboards and video skims with fine granularity. This approach
emphasizes scalability in video summaries, where length can be adjusted on demand at
adaptation time, without the need of running again the entire summarization process. A sim-
ilar approach is proposed in [25], which proposes a method to construct size-constrained
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storyboards, formulated in terms of spanning trees. Based on the idea of semantic concept
preservation, Yuan et al. [45] also propose a similar ranking method to generate scalablesto-
ryboards. Scalability in more complex summary formats has been also explored, including
video skims [5, 8, 18] and comic-like summaries [15].

2.3 Evaluation of video summaries

An important pending issue is the evaluation of summaries (and particularly multiscale
summaries), related with the lack of reliable objective measures [40]. The alternative is to
involve human assessors in the evaluation process (e.g. user studies, annotation of subjective
ground truth), which makes the evaluation considerably more complex, time-consuming
and not easily replicable. It is not difficult to see that the complexity increases dramatically
when multiple scales must be evaluated.

The most notable effort towards a common evaluation framework of video sum-
maries is the TRECVID rushes evaluation [30, 31]. Recently, several authors [10, 21,
41] even proposed methods to automatically estimate evaluation scores based on data
from past campaigns. Unfortunately, rushes consist of highly redundant unedited footage,
including junk segments (e.g. blank frames, test patterns, clapper sequences) [10], and
rarely found in practical situations. Besides, particularly important in our case, sum-
maries are only evaluated at one scale, corresponding to the target summarization rate
(2–4 %, depending on the campaign [30, 31]). Thus, the participants typically design
the algorithms for that particular rate, but it is not clear how they would perform at
other rates. All these reasons combined make comprehensive multiscale evaluation very
rare. For instance, among all the multiscale methods reviewed in this section only few
methods include some kind of multiscale evaluation (typically only three scales) [3–
6, 15, 18, 50], while in the rest the evaluation is limited to one scale of the resulting
summaries [8, 25, 45].

M=2

Fig. 1 Overview of the proposed system
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3 Multiscale storyboards

We separate the concept of multiscale storyboard, its description and the adaptation
mechanism to extract a specific instance with a required length.

3.1 Overview

The framework has two stages (see in Fig. 1): analysis and adaptation. The former is per-
formed only once (offline) and its objective is to analyze the content to extract the set of
keyframes and obtain the scalable storyboard description (only required for content-based
methods). This stage includes the sampling of the intial set of keyframes and the core of the
summarization process itself. It could be performed either in the client or in a server. For
computational reasons, we sample keyframes at fixed intervals, but other suitable keyframe
sampling methods could be also used [23].

The second stage, i.e adaptation, is performed in the client each time a new storyboard is
requested by the user interface. Each request has specific properties, depending on external
constraints such as screen size or device orientation and the interaction of the user, who
may change user interface parameters as a result of navigation. The problem is solved in
two steps: first, the user interface determines the adaptation coordinates, and determines the
required number of images M . Then, the storyboard adaptation module will select, using
the scalable description, an appropriate scale of the summary with length M . Thus, the user
interface can compose a storyboard adapted to the specific requirements.

Note that the process is highly asymmetric, with most of the computational burden
shifted to the offline analysis stage. In contrast, the on-demand adaptation process is
lightweight and very fast, which is critical for usable and efficient user interfaces. The
necessary analysis information to communicate both stages is stored in a suitable description
format (i.e., ranked list).

3.2 Basic concepts

For convenience, we first define some preliminary concepts and the notation used in the rest
of the paper (see Table 1).

Table 1 Summary of notation
Symbol Description

V Keyframe set

S Storyboard

Ik kth image in the keyframe set V

km Index of the mth image in the storyboard S

SS Scalable storyboard

S(q) Scale q of a scalable storyboard SS

N Number of images in the keyframe set V

M Number images in a summary S

Q Number of scales in a scalable summary SS

L Ranked list representing a scalable summary SS
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By sampling uniformly the frames of the full video sequence, we obtain a set of
keyframes V = (I1, . . . , IN ), with In denoting the nth keyframe. This set V can range from
the whole set of video frames to a smaller subset of frames.

We define a storyboard (implicitly referred to the set of keyframes V ) as a subsequence

S = (
Ik1 , . . . , Ikm, . . . , IkM

|km < km+1, ∀km, Ikm ∈ V
)

Thus, the storyboard is also determined by the sequence of indices G =
(k1, · · · , km, · · · kM), which is often more convenient. The length of S is M = |S| ≤ N .

A multiscale storyboard SS is just a collection of storyboards with increasing lengths
defined as

SS = {
S(1), · · · , S(q), · · · , S(Q)| ∣∣S(1)

∣
∣ < · · · <

∣
∣S(q)

∣
∣ < · · · <

∣
∣S(Q)

∣
∣}

where Q is the number of scales, S(q) is the summary at the scale q = 1, . . . , Q and
∣
∣S(q)

∣
∣ is

the length of S(q). We also assume that S(Q) = V corresponds to the whole set of keyframes.
We can also define the step between two scales q and q + 1 as the difference between the
length of the summaries between the two scales D (q + 1, q) = ∣

∣S(q+1)
∣
∣ − ∣

∣S(q)
∣
∣. The step

can vary, but in this paper we will focus on fine grained scalability with a constant step of
one image, so the summaries are highly adaptable.

Particularly we will prefer a summary in which the transition is smooth in terms of
information, that is, that most of the information of the previous scale is preserved and
the new scale only adds a small amount of information. Thus, the user can easily track
the new information. More formally, we say that a multiscale storyboard is scalable when∣
∣S(q+1) \ S(q)

∣
∣ � ∣

∣S(q+1)
∣
∣where \ is the set difference. We further say that the scalable sto-

ryboard is strictly scalable if S(q+1) \ S(q) = ∅, which means that all the information from
the previous scale is preserved, and thus the amount of new information is minimal. In other
words, it satisfies S(1) ⊂ S(2) ⊂ · · · ⊂ S(Q).

3.3 Ranked list

There are many ways to describe the different summaries in a multiscale summary. When
the size of the keyframe set and the number of scales are both high, the amount of informa-
tion in the description also increases. For this reason, a compact representation is also desir-
able. Ranked lists were proposed [16] as a convenient and very compact representation of a
highly scalable summary. A ranked list consists of the indices of the images in V , reordered
by their relevance for summarization L = (

l1, . . . , li , . . . , lN |li �= lj , li ∈ {1, . . . , N}).
For a storyboard of length M , the corresponding images are those with the first M indices

in the list, conveniently reordered by increasing value, in order to show them in temporal
order. This description is only valid for strictly scalable summaries. However, we can easily
extend the idea of ranked list to describe any multiscale summary. Implicitly, each new index
li in the list is related with an insertion operation, i.e. insert the keyframe Ili . In the case of
multiscale summaries, sometimes it may be necessary to remove keyframes and substitute
them with others. So it is necessary a complementary operation for deletions. The removal
of a keyframe Ili is signalled with the sequence (−1, li ), since -1 is never used for indexing
keyframes. Note that for (not strictly) scalable summaries, the number of deletions is still
small, so the ranked list is still a very compact representation.
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3.4 Storyboard adaptation

The list L is the only information required to recover any storyboard without any further pro-
cessing, and the generation of the adapted storyboard is simple and fast. This is a lightweight
process which does not need to process the video itself, just the ranked list and the previ-
ously stored keyframes. Thus, given the set of keyframes V = (I1, . . . , In, . . . , IN ) and an
extended ranked list L = (l1, . . . , lN ′) with N ′ ≥ N , to recover a storyboard S with length
M ≤ N images we basically need to iterate over the list performing insertion and deletion
operations until the required length is matched (see Algorithm 1).

4 Summarization methods

There are different ways to obtain storyboards with different lengths (i.e. to select a sub-
set of keyframes from V ). We can distinguish between content-blind and content-based
methods. The former do not require any content analysis, and the algorithm is basically a
deterministic rule to select images at specific temporal positions, regardless of their visual
content. They are implicitly used in many practical systems because they can generate use-
ful summaries with almost no cost. However, they have limitations as we will see later.
Content-based methods first analyze the content trying to come up with a better way to select
images for each specific video item. Consequently, a specific description is required for each
item.

In the experiments we will compare five methods: temporal order, uniform sampling,
iterative ranking and two clustering-based methods (see Table 2). The last two methods are
content-based, exploiting visual similarity between keyframes to avoid non informative and
redundant images.

4.1 Temporal order

In this method, if there is only space for M ≤ N images, then the first M images in V

are selected, i.e., S = (I1, . . . , IM). The main drawback is that the storyboard does not
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Table 2 Summarization methods compared in this study

Method Content based Type of scalability Description

Deterministic Temporal order No Strictly scalable -

Uniform sampling No Multiscale -

Clustering-based Hierarchical Yes Scalable Ranked list

K-means Yes Multiscale Ranked list

Incremental growing Iterative ranking Yes Strictly scalable Ranked list

cover the whole sequence, only its beginning. This is the simplest method, just included as
a baseline reference, as it is used implicitly in most browsing applications when the whole
storyboard does not fit into the available area.

4.2 Uniform sampling

Consecutive keyframes are often sampled from the same or similar scenes. In absence
of any other knowledge about the video, it seems to be a better idea to distribute the
selected keyframes evenly along the sequence. Thus, a better temporal coverage is achieved,
being more likely to select content from different parts of the sequence (e.g. scenes, news
sections). Not requiring analysis of the content and achieving a resonable coverage, this
method is used implicitly in many browsing systems for handheld devices [19]. However,
it still does not prevent from selecting redundant keyframes. In this case, a subset of M

images is selected by resampling V at approximately equidistant intervals. In particular, we
use

G =
(⌊

N

M

(
km − 1

2

)⌋
+ 1|km < km+1,m = 1, . . . , M

)
(1)

and the corresponding summary is S = (
Ik1 , . . . , IkM

|k ∈ G
)
.

4.3 Iterative ranking

The previous methods ignore the content itself, but good abstractions are necessarily
content-dependent. The iterative ranking method [16, 18] tries to iteratively add a new image
to the summary, which is selected from the set of remaining unselected images (or video
segments for video skims) according to a ranking function which is computed depend-
ing on the images selected in the previous iteration. It uses two criteria to select the most
suitable image, based on its representativeness in terms of duration (the total duration of
the shots represented by the image), and based on the visual distance to the previously
selected images. In our case, we only consider a simplified version based only on visual
distance, since we do not perform shot detection. Thus, this simplification is equivalent to
the method proposed in [25], which formulates the same approach in terms of spanning
trees.
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The method is described in Algorithm 3. It starts with one image and iteratively
increments the length of the summary by including the image which is at the highest visual
distance from the set of already selected images. The idea is that by selecting the least sim-
ilar image to those in the previous summary, we maximize the differential information with
the previous scale. A score based on a point-to-set distance is computed as

score
(
Ix; S′) =

{
minIy∈S′ d

(
Ix, Iy

)
Ix /∈ S′

0 otherwise
(2)

where Ix and Iy are keyframes in V , S′ is the summary in a previous scale (typically S(q−1)),
and d (x, y) is the distance between them.

Note that the process is incremental, with one new image included in the summary after
each iteration and no keyframe is removed. Thus, this method generates strictly scalable
storyboards.

4.4 Clustering

A common approach in summarization is clustering [12, 14, 28, 40, 51]. Images are grouped
into a few clusters {C1, · · · , CK }, each of them Ck = {

Ik1 , · · · , IkP

}
containing similar

images. Then each cluster is represented by a single image. Thus, the whole video is rep-
resented by a few images presented as a storyboard. Determining the number of clusters
is usually difficult, and it may also depend on the application and preferences. Here we
address multiscale summaries, so we compute scales with different numbers of clusters.

Let H =
{{

C
(1)
1 , · · · , C

(1)
N1

}
, · · · ,

{
C

(Q)
1 , · · · , C

(Q)
NQ

}}
denote the set of clusterings,

where C
(q)
i is the ith cluster at level q. We assume that they have increasing length, i.e.,

N1 < · · · < NQ, so we can create a multiscale summary, by obtaining for each scale the cor-
responding storyboard. For simplicity, we also assume a step of one image between scales
and Q = N , which provides the finest possible granularity to the multiscale summary. We
compute the representative image of a cluster C, selected as the image with the lowest aver-
age distance to the rest of the images in the cluster. We find the index of the representative
image as

rep (C) = arg min
x,Ix∈C

∑

Iy∈C,y �=x

d
(
Ix, Iy

)
(3)

where Ix and Iy are images in C, and d (x, y) is their distance in the feature space.
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The next step is to encode the ranked list. Given a set H, the ranked list can be obtained
using Algorithm 3. This algorithm is valid for any set of clusterings with increasing number
of clusters, and any clustering algorithm can be used, as long as it can be tuned to generate
different scales with different lengths. Obviously, the more scales the more computation
effort.

An interesting case is hierarchical clustering, which given the set of keyframes V

naturally generates a hierarchy of nested clusterings

H =
{
C

(1)
1 ,

{
C

(2)
1 , C

(2)
2

}
, · · · ,

{
C

(N)
1 , · · · , C

(N)
N

}}

where C
(q)
i is the ith cluster at level q, assuming a step of one frame. This makes this clus-

tering approach particularly suitable in our case, because it only requires one pass to obtain
many scales with different lengths. Moreover, in the case of conventional agglomerative
clustering, two consecutive clusterings with q − 1 and q clusters share q − 2 clusters, since
only one cluster is split into two clusters. Thus, q − 2 representative images are reused in
the next scale. The remaining cluster C

(q−1)
i is split into C

(q)
j and C

(q)
p . Then there are three

possible options: the representative of C
(q−1)
i is also the representive of C

(q)
j , the represen-

tive of C
(q)
p , or none of them (i.e. a different keyframe). A consequence is that in a transition

from q − 1 to q, most of the images are preserved and only a maximum of one deletion
would be required, which makes the ranked list compact and leads to scalable storyboards
(not strictly scalable according to our previous definition). Following the previous observa-
tion, Algorithm 3 can be modified to be more efficient by avoiding most of the computation
of representative images and finding difference sets, as shown in Algorithm 4. Besides, it
can also be easily integrated in the clustering procedure. For the clustering implementation
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we chose the agglomerative clustering algorithm with single linkage [37]. Due to hierarchi-
cal clustering, the time complexity is still approximately O

(
N3

)
, although Algorithm 4 is

more efficient than Algorithm 3.

5 Adaptation model and applications

5.1 Adaptation model

Multiscale storyboards are useful in situations in which the detail of the abstract depends
on external constraints (e.g. display area) or the result of user interactions. Thus, navigation
can be formulated as an adaptation problem, in which we want to maximize the amount of
information presented in the storyboard, while satisfying certain constraints. We consider a
model with two dimensions:

– Spatial scale, representing the different size of each keyframe when it is presented in
the display area (e.g. image width in pixels or millimeters).

– Summarization scale, related to the amount of information presented. It can be
measured using a convenient unit (e.g. number of images).

To include user interaction, each of the previous dimensions can be connected to a
corresponding navigation action (see Fig. 3): spatial zoom and semantic zoom, respectively.

5.2 Adaptation to heterogeneous devices

As videos and images, summaries should be also adapted to the specific usage context. In
particular the area available to display storyboards and an appropriate image size mainly
depend on the screen size. In general, specific layouts and designs are also necessary to
adapt the user interface to the variety of screen sizes and aspect ratios found in devices such
as smartphones and tablets. Besides, most of these devices also allow portrait and landscape
orientations. Scalable summaries provide a flexible way to adapt the summary to the specific
requirements.
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Spatial and summarization scales are related to the level of detail in the information
presented to the user. The most detailed case would present all the keyframes with high
resolution, but this is not a feasible solution as the display area is limited. Thus, the main
external constraint is the effective area available to present the storyboard, which depends
on the screen resolution and the user interface (note that, even for the same device, land-
scape and portrait user interfaces may have different effective areas). The effective area for
presentation is fixed, so in practice this operation must also decrease (increase) the size of
each image, trading off detail between the summarization scale and the spatial scale. Thus,
given a rectangular canvas with effective area W×H , a size for elemental images w×h and
the number of columns Mc, we can compute the number of rows required as

Mr =
⌊
Mc

w

h

H

W

⌋
=

⌊
Mc

a

A

⌋
(4)

where a = w

h
and A = W

H
are the respective aspect ratios. In practice a is constant, and the

images are cropped accordingly (e.g. to the central region). The number of images in the
summary is M = McMr . Figure 2a shows examples of adaptation to different devices and
orientations.

5.3 Video navigation

While the characteristics of the devices impose some external constraints to the adaptation
problem, the user can also change these constraints dynamically. A conventional spatial
zoom would change the size of the images, acting over the spatial scale. Following the idea
of semantic zooming in zoomable interfaces, we now define a semantic zoom operation
over the summarization scale, which increases (decreases) the number of images in the
storyboard, providing a more detailed (coarser) summary. Note that the summary still covers
the whole sequence. Figure 3 illustrates these two operations.

We can also include the rotation operation, which physically rotates the device and
switches between portrait and landscape orientations. Figure 2a shows an example of navi-
gation trajectory in these coordinates using the previous operations, in which the user moves

Fig. 2 Adaptation using scalable storyboards: a different devices and orientations, and b adaptation path
in the spatial-summarization plane, via the navigation operations scaling and rotation. Feasible adaptation
points for portrait and landscape orientations are shown
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Fig. 3 Zoom in storyboards: a spatial (spatial scale), and b semantic (summarization scale)

along the adaptation constraint (zoom) or jumps between portrait and landscape curves
(rotation). In the latter, the closest point in the other curve, in terms of number of images and
image width, is selected. Note that in this two-dimensional case, we are always assuming
that the storyboard covers the whole video, and the solution of this problem is the number
of images M .

A mayor concern for practical usability of scalable storyboards is that transitions from
one scale to another scale should be as smooth as possible, with minimal change if possi-
ble, in order to avoid distracting effects caused by images disappearing in the new scale and
other layout rearrangements (e.g. layout disturbance [15]). Figure 4 illustrates this prob-
lem, comparing two different ways to create the storyboard, two resulting scales and the
rearrangement of images resulting from the transition. In the first row the keyframes are
those included based on the temporal order. We observe that it is relatively easy to follow
the transition, as all the images coming from the previous scale are grouped together and
stay at the beginning, and new images appear at the bottom right after them. In the case
of uniform sampling (bottom row), it is much more difficult to follow them, as old images
may reappear at arbitrary positions and new images can also appear at any position. More-
over, many images also dissapear during the transition. Thus, not only the user will not find
those images, but also the number of new images is higher. These undesired factors increase
user’s cognitive load during interaction and impairs effective and comfortable interaction.
Thus, the multiscale navigation structure and the user interface should take this effect into
account.

5.4 Other applications

In addition to generic video navigation and adaptation to mobile devices, scalable sum-
maries can be useful in other applications. In particular they are very suitable when users
need to find a specific piece of content in large collections of video data. Scalable sum-
maries provide different degrees of detail which users can interactively adjust to find
more detailed information in specific videos and segments. Examples of such tasks are
the TRECVID known-item-search [34, 35] or finding information in large video archives
[13].

6 Evaluating multiscale storyboards

In this section we introduce the challenge of evaluating multiscale storyboards, by reviewing
previous evaluation methods used in the literature to evaluate conventional (single scale)
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Fig. 4 Example illustrating the transition from 3 columns to 4 columns storyboards using: a-c, temporal
order, d-f, uniform sampling. c and f show how the images from the previous scale are relocated after the
transition. While temporal order only covers the initial part of the content, the changes during the transition
are relatively easy to follow. Uniform sampling covers the whole video, but the resulting changes are more
difficult to track and even several images disappear in the new scale

summaries, and analyzing the implications of these approaches when including multiple
scales.

6.1 Properties of a good summary

There is certain agreement in that a summary should be compact (to be visualized quickly),
have good coverage (including most of the relevant semantic information of the original
video) and easy to visualize (the user must be comfortable visualizing the summary, which
should be also free of spatial and temporal artifacts created by the summarization pro-
cess). Thus we consider three main properties in a summary: compactness, coverage and
smoothness. Note that other attributes have been also proposed, such as informativeness,
interestingness, pleasantness, enjoyability or redundancy. We do not consider them as they
are more or less related to the previous ones.

6.2 Evaluation with multiple scales

In general, there is no agreed protocol to evaluate video summaries. In the case of multiple
scales an exhaustive evaluation would require each summary (for each method) is evaluated
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not only once but multiple times, which can have a dramatic impact on the cost of the
evaluation (especially when users are involved). In the video summarization literature many
methods have been used for evaluation [40]. We review the most common approaches and
discuss their possible extension to multiple scales.

6.2.1 Result description

The proposed technique (and perhaps other baselines) is applied to a few sequences and the
resulting storyboard is presented and described. The advantages of the proposed method
are described over those examples. The evaluation is very subjective and often only reflects
the authors’ (biased) perspective. Although sometimes it can be useful to highlight some
particular properties of the proposed technique and its behavior, provides little experimental
evidence of why the proposed method is better.

This method can be easily extended to multiple scales. The main drawback is that it
would require much more space in the paper to present the summaries, and describing and
comparing different methods and scales may not be very easy. In any case, it would still
have the same inconveniences as in the single scale case.

6.2.2 Objective metrics

Some kind of metric that automatically compares the original video and the summary
providing a score reflecting fidelity or estimating user satisfaction would be much more
convenient. Some methods use low-level visual features and compare the selected images
and the original keyframes or video using some objective metric. Often, the particular eval-
uation metric is often the same that the method tries to optimize, and there is no guarantee
that that metric correlates well with the actual subjective utility. Summarization is a cogni-
tive process involving high level understanding to select semantically important content and
discard irrelevant. Thus, it is not easy to obtain an appropriate evaluation metric based only
on low-level features.

In certain domains, the objective of the summary is to present compactly the highlights
or important events (e.g. sports). In this case, a relatively objective ground truth can be
obtained by labeling representative segments, and summaries can be evaluated using infor-
mation retrieval metrics such as precision and recall. This approach can be easily extended
to multiple scales, computing these metrics at different scales and comparing methods based
on the resulting curves.

An alternative when determining the important events is to let users manually create
summaries (often several users are necessary, as the summary will depend on the particular
user) and then use them as ground truth to compare with the summaries generated by the
system. Unfortunately, the extension to multiple scales would require the users to create as
many summaries as scales, which increases the cost significantly.

6.2.3 User studies

Perhaps the most accepted approach to evaluate summaries is a direct evaluation using user
studies. These studies provide more valuable insight, as the purpose of summaries is to
eventually be used by users. Thus, the opinion of users is the most valuable and realistic
information in an evaluation. However, these evaluations are not always available because
of a more difficult setting, a much higher cost (e.g. collecting volunteers) and often it is
not easy to formulate properly the questions to be asked (sometimes different users have
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different interpretations). In contrast to objective measures based on some fixed ground
truth, user studies cannot be replicated to compare with new methods, often requiring to
carry out a new user study.

A typical evaluation session would require users to visualize a number of summaries
of the same video (as many as methods to compare). Then they are requested to rate the
summary according to certain criteria (which are usually related with properties such as
coverage, redundancy, pleasantness, etc). Then this process is repeated for each video in the
evaluation set, and then for each user.

A proper design also requires taking into account other external factors that may have
impact over the scores, especially when evaluating many summaries leads to long evaluation
sessions. Factors such attention and fatigue often cause scores vary accross the evaluation
session itself, thus the score of a particular summary may have some bias related with the
order of visualization. While the scores at the beginning of the evaluations may be more
carefully chosen, users may unintentionally change their scoring as the session becomes
long and the evaluation task tedious. The experimental design should take into account these
factors by splitting long sessions into shorter ones, or designing the order to balance some
biases.

While, as we just discussed, evaluating conventional summaries is already complex, in
the case of multiple scales this complexity increases significantly. For some applications one
or very few scales are enough, so exhaustive evaluation may still be practical. For others,
a much finer granularity is desirable. In this case, the number of combinations is very high
and makes evaluation very time consuming and impractical, unless the trials are limited to
few scales.

As we described before, it is different to evaluate a summary of an unfamiliar video
than evaluating a summary of a video we already know. Exhaustive evaluation requires
that for each video, several summaries are visualized and rated (e.g. one per summariza-
tion method, one per scale). The more summaries of a given video have been visualized
and rated, the more information is known, so the scores may be affected by the visualiza-
tion order and introduce bias. This problem is even more severe in dynamic summaries,
such as scalable video skims. There are several ways to try to alleviate this problem. We
can design the experiment in such a way that each user visualizes only one scale and one
summary per video (different users evaluate different scale/version). Then the design of
the experiment must take care of that all the combinations are covered and that the bias
is canceled or at least equally distributed (e.g. using Latin squares in the design). How-
ever, this requires many more users and also it is more sensitive to problems during the
evaluation session. Another option is to let the user visualize all the videos prior to the
evaluation of the summaries. In this way the user is already familiar with the content. But
when the evaluation includes several 30 minutes or 1 hour videos this is impractical. In
sum, to cope with these factors (i.e. bias, fatigue, etc), a proper evaluation requires a very
complex experimental setting and long evaluation sessions, which is often not possible in
practice.

6.2.4 Task oriented evaluation

Some authors evaluate the utility of a summary for certain specific task (e.g. seeking a spe-
cific scene), rather than the summary itself. In this case, users are often required to complete
a set of tasks, but they do not provide a subjective score but other indirect measurable prop-
erties are used instead, such as clicks, log specific actions or time required to complete the
task.
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In this case the user study is evaluating the usability of the whole system rather than the
utility of the summaries themselves. In many tasks, an intuitive and effective design is often
more critical than the summary itself. So in this case it is hard to decouple user interface
and summaries, and thus obtain an unbiased comparison of summarization methods.

6.3 Proposed evaluation metrics

We are targeting a particularly challenging scenario, i.e. a large number of scales with a
step of one keyframe between consecutive ones. In this scenario, exhaustive user studies are
impractical, so we would like to design some objective metrics that help us at least to get
some useful insight about the behavior of the different methods.

For convenience, we first define several concepts we will use in the evaluation measures:

– Informative image (II): image conveying new information, and different from the infor-
mation conveyed by other images in the summary. For instance, a blank image is a
non-informative image. A near duplicate keyframe of a previous one is also considered
non-informative.

– Semantic group (SG): group of keyframes conveying the same information. For
instance, all the images from the anchorperson segment belong to the same semantic
group.

6.3.1 Information

In general, it is difficult to determine which images are the best images for the storyboard,
as it depends on each particular user. In practical browsing situations exploring dozens of
unknown videos, users often do not care whether the images shown are the most represen-
tative, they just expect images showing diverse information to get a quick idea of what the
content is about and decide. However, including very similar images (e.g. same anchorper-
son in Fig. 5) or non-informative images is easily perceived as redundant and a waste of
display area. For these reasons, we evaluate how informative the summaries are rather than
how representative they are, with the following two measures:

– Ratio of informative images: measures the ability of the algorithm to provide informa-
tive images, or in other words, to avoid redundant and non-informative images. The
ratio of informative images of a summary at a certain scale is computed as

RII (M) = min

(
#II

M
, 1

)
(5)

where M is the number of images in the summary at that scale and #II is the number
of informative images.

– Semantic coverage: measures how well the summary covers the set of keyframes from
the semantic point of view. It is similar to the informativeness measure but weighted
by the size of the semantic group with related images. The semantic coverage of a
summary at a certain scale is computed as

SC (M) = 1

N ′
∑

∀Gi,Im∈Gi,Im∈S(M)

|Gi | (6)
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Fig. 5 Results for single item (2, 3, 4, 5 and 7 columns), dn dataset: a-e, temporal order, f-j, uniform sam-
pling, k-o, scalable storyboard (ranking), p-t), scalable storyboard (hierarchical). The 7 columns summaries
show all the keyframes

where M is the number of images in the summary at that scale S(M), |Gi | is the size of
the semantic group Gi , measured in number of keyframes, and N ′ is the total number
of keyframes excluding the non-informative ones.
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6.3.2 Transitions between scales

Considering now the application of scalable summaries to navigation (see Section 5.3), we
also proposed a task-oriented metric that can help to estimate which methods are more
suitable in this scenario. As we discussed previously, an important aspect related with the
usability of scalable storyboards in navigation is that the transition between different scales
should be smooth, trying to preserve most information between scales, so the new infor-
mation (i.e. new keyframes) can be tracked more easily. In order to evaluate this aspect
we propose the ratio of preserved images (RPI) that measures the amount of common
information shared by two scales with M and M ′ images

RPI
(
M,M ′) =

∣
∣
∣S (M)

⋂
S (M ′)

∣
∣
∣

M
(7)

As this ratio requires defining both an initial scale and a final scale, different settings
are possible. A fine grained incremental setting may evaluate this ratio when the number
of images in two consecutive scales differ in one. Another possibility is to evaluate this
ratio within a specific user interface and device. We consider these two settings in our
experiments.

7 Experiments

We performed a series of experiments to compare the different methods described previ-
ously, focusing on the particular characteristics of multiscale storyboards and in the context
of smartphones. As in this paper we focus on the framework rather than on design aspects
of the user interface, we leave more specific task-oriented and usability studies to further
work. We include some visual examples to illustrate the behavior of the different methods,
and also include both objective and subjective metrics.

7.1 Experimental Setup

For the experiments we focused on news video content, using two different set of videos:

– dn: ten news program videos available at the Internet Archive. A typical video of this
collection contains anchorpersons, reports and relatively long interviews, which make
the set of keyframes relatively redundant. This collection is very suitable to illustrate
the differences between the different methods studied in the paper.

– tv: ten videos from the TrecVid 2005 dataset [38], including five CNN and five MSNBC
news videos. These videos are more dynamic than those in the previous collection.

We evaluated four methods: temporal, uniform, hierarchical and ranking, corresponding to
the methods described in Section 4. These methods were implemented in the Android plat-
form, using native code for feature extraction (color histograms in HSV space and Euclidean
distance, which we found fast and satisfactory enough for the videos in the datasets). For the
objective evaluation we also included an additional method kmeans, which uses K-means
to obtain the scalable description from a set of clusterings. The effective area to display sto-
ryboards was 480×650 (portrait) and 800×330 (landscape). The number of images in V

was set to N = 60 (roughly one and two keyframes per minute for the dn and tv dataset,
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respectively). This provides us with a reasonable amount of keyframes and fine-grained
scales (i.e. 60 scales) and still not too many to provide insightful visual comparisons (those
in Section 7.2). Apart from these reasons, sampling a keyframe every minute (or 30 seconds)
is also reasonable in a practical application with these datasets.

7.2 Comparison of the methods

A visual comparison of the methods illustrates easily the difference between them. We took
some snapshots of the interface, with different methods and different scales. Results for the
video browsing interface are shown in Fig. 5. We can observe how different methods select
images in very different ways. The temporal method usually selects the introduction and
often an initial blank image (videos indn dataset sometimes start with blank screen). The
content is very redundant even for few images. In contrast, uniform distributes the images
along the whole sequence, which is often satisfactory in the case of short summaries. For
videos with long interviews and recurrent scenes, and for longer summaries it also tends
to select redundant images. Obviously it is not possible to avoid these effects without any
content analysis. Both hierarchical and ranking provide more variety in the selection of
images at different scales. The difference is more significant at intermediate scales. The
most detailed scale shows the whole keyframe set V (in average for both datasets, only
around 50 % of the images in V are informative).

7.3 Objective Evaluation

We also made a quantitative comparison using the proposed metrics to evaluate how the dif-
ferent methods are able to keep useful information and how graceful the transitions between
scales are.

7.3.1 Information

The ground truth was obtained by manually annotating the set of keyframes. As news videos
are relatively structured, we consider different semantic groups (e.g. anchorperson, certain
interviewee, synthetic tables, maps). All the images in the same semantic group were given
the same label, and a special label for non-informative images, such as blank images, which
do not belong to any semantic group.

The average ratio of informative images in each dataset is shown in Fig. 6. As the orig-
inal sequences are already redundant, there is a limit in how many informative images can
be selected at a certain level. Using the ground truth we can compute this limit, thus giv-
ing a measure of the redundancy of the dataset. In Fig. 6a we observe that temporal selects
fewer informative images at low scales for the dn dataset, due to blank images in the first
seconds of the videos. We did not remove those blank images to keep the method fully
content-blind. In the case of the tv dataset (see Fig. 6b) there are no blank images, so the
performance is still reasonable at low scales, but it quickly degrades. For uniform, the prob-
lem of initial blank frames is not present, as the images are sampled at different points. The
results improve slightly, avoiding repetitions at initial intervals. However, as the number of
images increases, redundant images are also selected, and it tends to have a similar perfor-
mance to the temporal order method. For a large number of images is inevitable to select
redundant images. In the case of content-based methods, the redundancy is better exploited,
being the results much closer to the limit. The performance of hierarchical is slightly better
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Fig. 6 Informativeness: a dn dataset, b tv dataset

than that of ranking in the dn dataset, and in the case of the tv dataset there is no significative
difference. If instead of using hierarchical clustering we use K-means clustering (kmeans
method) the results are not good according to this measure.

However, in terms of semantic coverage (see Fig. 7), the method that performs better is
K-means, being close to the limit at low scales. With a larger number of images, hierar-
chical and ranking have better performance. Clustering methods emphasize the coverage
aspect, useful to represent more information with fewer images, with K-means having bet-
ter performance. In the case of dn dataset, hierarchical also outperforms ranking, as iterative
ranking only focuses on selecting dissimilar images. Surprisingly, the performance of uni-
form at low scales is better that both scalable and hierarhical, even being a content-blind
method.

7.3.2 Transition between scales

We evaluate the suitability of the summarization methods for a navigation. Considering a
step of one keyframe between scales, Fig. 8a and b show the RPI in both datasets, with
similar results. In this aspect bothtemporal and ranking are optimal, as they explicitly use
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Fig. 7 Semantic coverage: a dn dataset, b tv dataset
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Fig. 8 Number of images present at previous scale: a dn dataset, step 1 keyframe, b tv dataset, step 1
keyframe, c dn dataset, step 1 column, and d tv step 1 column

the previous set and include one new image each time. In the case of hierarchical, the result
is also very close, as two consecutive clusterings only differ in one cluster. Thus, for a step of
one keyframe at most only two keyframes may be different. The least appropriate method in
this aspect is uniform, which does not impose any restriction and the selection rule implicitly
tends to redistribute the selected keyframes with little overlap with the previous sampling
instants. In contrast to hierarchical clustering, the resulting clusterings with K-means are
independent, so kmeans method does not preserve as many images between consecutive
scales.

In our interface, users vary the number of columns, rather than images, so the transitions
include larger steps in practice. Figure 8c and d show the same measure evaluated for the
particular test device. The results and conclusions are similar.

7.4 Subjective Evaluation

We also conducted a user study in order to evaluate the different methods and also whether
the proposed objective metrics are related to the subjective feedback provided by users.
A total of 11 volunteers participated in the experiment. The perceived utility of different
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combinations of methods and number of columns was assessed using a Likert scale (1:
disagree; 3: neutral; 5: agree) [22] with the statement “Considering the number of images
available at a certain scale (X columns), the summary is an adequate representation of the
content.”. This statement explicitly emphasizes that the summaries must be evaluated taking
the limitation in length into account. In preliminary tests we observed that if this aspect
is not explicitly mentioned, some users evaluate them in a relative way, and some users in
an absolute way. With the latter interpretation, users tend to systematically give low scores
to short summaries and high scores to long summaries. A total of 24 storyboards were
evaluated for each video (4 methods and 6 scales, from 1 to 6 columns).

The results are shown in Fig. 9a and b. In general, users tend to have a clear
preference for content-based scalable methods, especially at intermediate scales, for
which the difference is more significant. We can observe similar trends to those
in the RPI measure (compare with Fig. 6). temporal generates storyboards with
low utility, especially for low scales due to blank images in the dn dataset. With-
out the problem of blank images (tv dataset), the perceived utility still degrades
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Fig. 9 User study (left column for dn and right for tv): a-b average per number of columns
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very quickly. The most useful comparison is between the uniform and content-
based methods. In this case, uniform rarely selects blank frames (see Fig. 5f-j), so
they do not have practical influence on the result. This method can be satisfactory
at low scales, but the utility degrades as the number of images increases, resulting in
more redundancy. The perceived utility is significantly higher with content-based method,
although, as expected, it degrades slightly at higher scales when the remaining redundant
images are included. Comparing the content-based methods, the difference is small, with
hierarchical having slightly better results than ranking.

Figure 9c and d shows the average utility (six scales) for each video. We see that content-
based methods are very consistent and with satisfactory results in all the videos. The results
for uniform and temporal are more irregular, varying largely from from video to video, but
always with lower scores than the content-based methods.

8 Discussion and conclusions

In this paper we focus on a few little explored aspects of video summarization, such as
scalable summaries, their application to flexible navigation and adaptation in handheld
devices, and the challenge of evaluating the quality and usability of summaries with multi-
ple scales. In particular we consider multiscale storyboards that can be dynamically adapted
to a required length with a very fine granularity. All the information to recover the summary
with a given length is encoded in a compact descriptor, i.e. ranked list, which is precom-
puted and thus it does not require any costly process during adaptation. Many applications
could benefit from this flexibility. In particular we study the application to enable enhanced
summary adaptation and navigation in handheld devices.

Although in this paper we use relatively simple features and methods, more complex
analysis methods including higher levels clues (e.g. faces) and temporal structuring (e.g.
shots, scenes) can be adopted to obtain better ranked lists. In addition, domain-specific
analysis can be also included. For instance, dialog scenes can be identified and exploited in
TV series and comedy movies. Although complex analysis may not be suitable for handheld
devices, this can be done remotely in the server and the result stored as a ranked list. In
any case, the user interface can benefit from the flexibility of scalable summaries and the
proposed navigation and adaptation model.

One important difference in scalable summaries is that the result is not a single summary
anymore, but a collection of summaries with increasing length, and more sophisticated sum-
marization algorithms should proceed accordingly. The role of the length is very important.
While low level features and redundancy removal may be satisfactory for medium size sum-
maries, higher level semantic and structural analysis (e.g. scenes, dialogs) is often essential
for very short summaries. A smart scalable summarization algorithm should be able to vary
the summarization criteria across this wide range of scales. Nevertheless, we showed that
we can obtain relatively satisfactory storyboards in practice for news videos, even using
simple methods and low level features.

Evaluation of scalable summaries still needs further exploration. Exhaustive evaluations
with user studies are impractical, especially for fine grained summaries, and alternative
evaluation approaches are necessary. We proposed some simple objective metrics that can
help to model the quality and usability of summaries, which can be used to compare dif-
ferent summarization methods. These metrics approximately follow similar trends as those
found in our user study. We also emphasize interscale properties, which are specific to the
multiscale nature of these representations, and must be evaluated if the application requires
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transitions between scales. In general, format-specific aspects should be also considered,
such as audio and temporal properties in scalable video skims [8, 18] or the implications of
variable layout in scalable comic-like summaries [15].

A critical aspect to fully exploit the potential of scalable storyboards is the design of
effective user interfaces and intuitive interaction models. Scalable summaries are useful
tools that can make navigation flexible and easily adaptable. However they are useless if
the interface is not intuitve or if the interaction is uncomfortable. So far, several algo-
rithms to create scalable summaries have been proposed in the literature, but there is little
research studying and evaluating them in an application context. In the case of storyboards,
an appropriate design should exploit the advantages of scalability for flexible navigation
(e.g. semantic zoom), while minimizing the cognitive burden during transitions between
scales, due to potential changes in sizes and locations of images.
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