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Abstract

In this paper, we present a method that uses web
photos for measuring frame interestingness of a
travel video. Web photo collections, such as those
on Flickr, tend to contain interesting images be-
cause their images are more carefully taken, com-
posed, and selected. Because these photos have al-
ready been chosen as subjectively interesting, they
serve as evidence that similar images are also in-
teresting. Our idea is to leverage these web pho-
tos to measure the interestingness of video frames.
Specifically, we measure the interestingness of each
video frame according to its similarity to web pho-
tos. The similarity is defined based on the scene
content and composition. We characterize the
scene content using scale invariant local features,
specifically SIFT keypoints. We characterize com-
position by feature distribution. Accordingly, we
measure the similarity between a web photo and
a video frame based on the co-occurrence of the
SIFT features, and the similarity between their spa-
tial distribution. Interestingness of a video frame
is measured by considering how many photos it
is similar to, and how similar it is to them. Our
experiments on measuring frame interestingness
of videos from YouTube using photos from Flickr
show the initial success of our method.

1 Introduction
Many video applications benefit from a metric of interesting-
ness of their frames, that is, a measure of the expected sub-
jective response from a viewer. For example, video summa-
rization, abstraction, and collection browsing all benefit from
the ability to select the frames of a video that are likely to be
most interesting to a viewer.

A computational model of interestingness is elusive be-
cause it is subjective, content- and application- dependent.
However, we observe that it is possible to find examples of
interesting images. Online photo collections tend to contain
interesting images because their images are more carefully
taken and composed, and have been culled from all those
taken (c.f. [Krages, 2005; Peterson, 2003; Kirk et al., 2006]).

“Statue of Liberty”

Interestingness

Frame 

Figure 1: Schematic example. Given a video, our method
uses its associated keyword to query photos from web sites,
such as Flickr, and measures the interestingness of the video
frames by voting each frame using the web photo set.

Because photos have already been chosen as subjectively in-
teresting, they serve as evidence that similar images are also
interesting. In this paper, we propose to leverage these ex-
amples in order to create a video frame interestingness met-
ric. Specifically, we present a method that uses collections of
web photos to measure the interestingness of frames in videos
by matching the frames against collections of web photos.
Our initial experiments focus on travel videos of well-known
places as it is easy to find appropriate videos and photo col-
lections, and common motifs are easily recognizable.

Using photo collections implicitly captures people’s sub-
jective assessment. In contrast, other methods for frame as-
sessment do not consider interestingness as directly. For ex-
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ample, visual salience [Itti and Koch, 2001] measures the
affinity of the low-level visual system to imagery, and has
been used to select frames for video summarization [Ma et
al., 2002]. Other low-level image properties, such as im-
age quality and uniqueness, have also been used [Truong and
Venkatesh, 2007; Liu et al., 2008a]. However, there is often
a gap between these low level metrics and viewers’ subjec-
tive response as the latter is often influenced by higher level
aspects such as content and composition.

Public web photo collections, such as Flickr, make large
numbers of images available, but these collections are often
noisy: while the collected images tend to be interesting (be-
cause they have been selected), they vary in content and qual-
ity. Therefore, to exploit these collections, we must consider
entire collections so that statistically, the contents are likely
to be indicative of interestingness. The idea of using large,
but potentially noisy, collections of web data as a measure of
people’s assessment has been applied previously for ranking
web pages [Liu et al., 2008b] and scene segmentation [Simon
and Seitz, 2008].

In this paper, we present an approach where a collection
of photographs is used to assess the interestingness of each
frame of a video. Our approach first gathers a relevant photo
collection by searching for images with the same keywords
as the video to be processed. Each frame of the video is
compared with all photos in the collection. Frames that are
more similar to more photos are judged to be more likely to
be interesting. To make the process efficient, we exploit the
coherence in the video. Our preliminary experiments suggest
that our metric for measuring video frame interestingness is
promising.

2 Measuring Video Frame Interestingness
Given a video, our method first uses its associated keywords
to search for relevant photos from a photo sharing web site,
specifically Flickr in our experiments. Then we use these web
photos to vote for the interestingness of each video frame by
finding its similar photos in the web photo set as described
in the following subsections. For clarity, we define notation
here. We denote a video as a frame sequence V = {Vi|1 ≤
i ≤ n}, where Vi is its ith frame. We denote a web photo set
as P = {Pj |1 ≤ j ≤ m}, where Pj is the jth photo.

2.1 Photo-Frame Registration
Matching a video frame to a photo is an image registration
problem. There is a rich literature on image registration.
There are two types of methods, direct matching and feature-
based matching. Direct methods use pixel to pixel match-
ing, while feature-based methods first detect features from
each image, build the feature correspondence between im-
ages, and estimate a matching model based on the feature
correspondence. A good survey can be found in [Szeliski,
2006]. For our problem, each image and video frame can be
taken with varying viewpoint, camera settings and content.
Therefore, direct methods are not suitable. We use a feature-
based method.

SIFT features are invariant to image scale and rotation, and
have been shown to provide robust matching across a sub-
stantial range of affine distortion, change in 3D viewpoint,

addition of noise, and change in illumination [Lowe, 2004].
These properties qualify SIFT features as distinguishable fea-
tures for matching between a video frame and a photo. There-
fore, we use a SIFT-feature based method for matching each
video frame and photo as follows.

1. Extract SIFT features from video frame Vi and photo Pj .

2. Build the feature correspondences between Vi and Pj .
Specifically, for each feature in Vi, we search for its
counterpart in Pj . We use the matching criteria recom-
mended in [Lowe, 2004]: if the ratio of its distance to its
nearest neighbor and to its second nearest neighbor in
Pj is smaller than a given threshold, its nearest neighbor
is likely to be its counterpart in Pj . The default thresh-
old used in our experiments is 0.8. Since the number
of SIFT features in Vi and Pj is large, we need an effi-
cient search method to find the nearest neighbors. Since
each SIFT feature is represented as a 128-dimension
vector, we use an approximate nearest neighbor search-
ing method [Arya et al., 1998].

3. Refine the feature correspondences if there are more
than 4 pairs of matching features. A theorem of multi-
view geometry states that images taken using differ-
ent camera settings are related with a fundamental ma-
trix [Hartley and Zisserman, 2000] as follows:

ST
V FSP = 0 (1)

where SV and SP are the homogenous coordinates of
the matching SIFT features in video frame Vi and photo
Pj . F is a 3 × 3 matrix with 7 degrees of free-
dom. We estimate the fundamental matrix between the
video frame and photo using a robust estimation algo-
rithm (RANSAC [Fischler and Bolles, 1981]). Feature
matches that do not observe the fundamental matrix con-
straint are ruled out as outliers.

4. If fewer than 4 feature matches are found, we consider
video frame Vi and photo Pj as not related to each other.

2.2 Efficient Photo-Frame Registration
Using the above photo-frame registration method to match
a frame to a photo in the photo set is effective, but time-
consuming. For a video, the neighboring frames are most
likely similar to each other. We improve the basic registra-
tion method by exploiting this temporal coherence. We first
build SIFT feature tracks in the video, and then match the
SIFT feature tracks to each photo in the set. This improved
algorithm is detailed below.

Denote the lth SIFT feature track as Tl =< SV l, {t|SV l ∈
Vt} > and the feature track set as Γ = {Tl|l = 1, 2, . . .}.
We build the SIFT feature tracks by matching SIFT features
between consecutive frames. Since two consecutive frames
do not change much normally, local searching is both more
efficient and accurate. We currently use a tile-based method.
Specifically, each frame is divided into uniform tiles, and the
SIFT points are binned into each tile. When searching for
the matching SIFT points, only the points in the correspond-
ing tile will be compared. Based on the matching result be-
tween consecutive frames, we can easily build the SIFT fea-
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ture tracks by traveling through all the video frames and con-
catenating matching pairs.

After building the SIFT feature tracks, we match each SIFT
track to each photo in the photo set. We again use the approxi-
mate nearest neighbor searching method [Arya et al., 1998] to
find the matching feature in each photo, and obtain an track-
photo incidence matrix Mk×m, where k is the total number
of SIFT tracks from the video and m is the size of the photo
set P .

M(l, j) =
{

i, Tl matches feature SPj ,i ∈ Pj ;
−1, else. (2)

M(l, j) is the index of SIFT feature in photo Pj that matches
the lth SIFT track. From Γ and M , we know the feature cor-
respondence between a video frame and a photo. We refine
the matching using the fundamental matrix constraint as be-
fore.

2.3 Frame Interestingness Estimation
Web photos are usually carefully taken and selected. Peo-
ple often take the photos of a selected scene from a care-
fully selected viewpoint with carefully selected camera set-
tings (c.f. [Krages, 2005; Peterson, 2003]). People tend to
selectively upload the photos, rather than uploading all the
photos they have taken. Some bad photos are often erased
shortly after they are taken [Kirk et al., 2006]. Thus, these
web photos most likely have already been chosen as subjec-
tively interesting. So they can serve as evidence that sim-
ilar images are also interesting. Based on this observation,
we calculate the interestingness of video frames according to
their resemblance to the web photos in a variety of aspects
based on the SIFT feature-based matching.

We measure the similarity between a video frame Vi and a
web photo Pj based on the following criteria.

• C1: How much scene content they share. We measure
the scene content shared by Vi and Pj according to the
number of SIFT features they share since it has been
shown that SIFT features are robust in object and scene
recognition (c.f. [Lowe, 2004]).

• C2: How similar is the composition. That is, does sim-
ilar content appear in similar image locations. Photo
composition is important. For example, the rule of the
thirds states that an image should be imagined as divided
into nine equal parts by two equally-spaced horizontal
lines and two equally-spaced vertical lines, and that im-
portant compositional elements should be placed along
these lines or their intersections [Peterson, 2003]. If a
video frame has similar compositions to the web photos,
it is likely to be interesting. We measure the framing
scheme similarity between Vi and Pj according to how
features are positioned in the image.

The interestingness of each frame is, therefore, the number
of features the frame shares with the photo collection, with
each feature occurrence weighted by how similar the position
of the feature is in the photo and frame:

Ii ∝
∑

Tl∈Vi

∑
Ml,j �=−1&&Pj∈P

log
1

‖ŜPj ,Ml,j
− ŜVi,l‖2

2 + ε

(3)

Figure 2: An interesting frame from a video with keyword
“Golden Gate Bridge”. SIFT features are marked with “+”.
Green (bright) “+” marks indicate “popular” features, i.e.
ones that appear often in the corresponding photo set.

where Ii is the interestingness of the video frame Vi, Pj is
a photo in the web photo set P , and M is the feature track-
photo incidence matrix. ŜVi,l is the normalized coordinate
of the SIFT feature of the feature track Tl in Vi, ŜPj ,Ml,j

is the normalized coordinate of the M th
l,j SIFT feature in

photo Pj , and ε is a constant to avoid zero-division, with the
default value 1.0e-3. log 1

‖ŜPj,Ml,j
−ŜVi,l‖22+ε

measures the

frame composition similarity between the video frame and
the photo according to C2. The above equation states that Ii,
the interestingness of a video frame Vi, is proportional to the
total number of SIFT features shared with the web photo set
P , weighted by the frame composition similarity. An exam-
ple of an interesting video frame detected by our algorithm is
shown in Figure 2.

3 Experiments
We designed a preliminary experiment to evaluate our
method. The goals of the experiment are to

• Verify the feasibility of using web photos to measure the
frame interestingness of travel videos.

• Verify if our interestingness metric corresponds with
people’s subjective assessment of videos.

Our experiments use travel videos from YouTube and pho-
tos from Flickr. We collected a pool of scene names, and
randomly selected 10 from the pool as listed in Table 1.
We used these names as keywords to query videos from the
YouTube travel category, and randomly selected 3 videos for
each query from the top 10 retrieved results. Then we down-
loaded the top 250 photos from Flickr with each keyword.

We examined the downloaded Flickr photos. The photo
content varies significantly, but in each set there exist a few
big clusters of common scenes. We roughly clustered the
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(a) Frame interestingness curve of video Christ Redeemer.

(b) Frame interestingness curve of video The Temple of Heaven, Beijing

(c) Frame interestingness curve of video Pantheon, Rome

Figure 3: Representative frame interestingness prediction curves. WPV is our result and QLT is visual quality measurement.
Curves are normalized to [0,1].
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(a) Delicate Arch Park

(b) Lake Louise

Figure 4: Some representative photo collections.

photos manually into clusters where the photos describe the
same scene. The numbers of clusters with more than 10 pho-
tos for each photo set are reported in Table 2. Representative
photos for some clusters are shown in Figure 4. We find that
the big clusters most likely record the interesting scene con-
tent, although the number of photos of each of these big clus-
ters is not dominant. The percentage of photos of the largest
cluster is reported in Table 2.

We ran our algorithm on each video using the correspond-
ing Flickr photo set to vote for its frame interestingness,
and obtained the frame interestingness measurement for each
video. Measuring the frame interestingness of a video is sub-
jective. To evaluate our results we performed a preliminary
user study. The study attempts to verify whether our algo-
rithm’s predication is consistent with users’ evaluation. In
the pilot study, 5 graduate students who are familiar with the
scenes participated. Each participant watched each video and
assessed whether the interestingness curve matched his/her
expectation by giving a score ranging from 1 to 5. The higher
the score, the better the predication matches the user’s judge-
ment. The average score is 4.5 out of 5. The detail of the
result is reported in Table 1.

Some results are shown in Figure 3. We also compared
our results to the method (QLT) that uses the visual quality to
measure the frame interestingness [Liu et al., 2008a], where
the visual quality is measured based on blurriness [Tong et
al., 2004] and blockness [Wang et al., 2002]. These exam-
ples suggest that our frame interestingness metric matches
people’s subjective assessment. These examples also show
that our results are not correlated with the QLT results sig-
nificantly. One possible reason is that the visual quality of
a video frame is not necessarily correlated with its interest-
ingness to people. Figure 3 suggests that our method is more
suitable and capable of measuring the frame interestingness
of a video.

Although the experiment shows the success of our algo-
rithm, it reveals some failure cases. First, when the quality
of the video is bad, for example if it suffers from serious mo-
tion blur, our algorithm cannot perform well. The reason is
that blurred video frames fail the SIFT feature detection and
matching. This often happens when people move the cam-

Keyword Avg. Score
Christ Redeemer 4.7

Delicate Arch Park 4.7
Statue of Liberty 4.7

Pisa Tower 4.7
Golden Gate Bridge 4.5

Pantheon, Rome 4
Lake Louise 4

The Temple of Heaven, Beijing 5
Taj Mahal, India 4

Eiffel Tower 4.7

Table 1: Experiment results.

Keyword Num. of Clust. Largest clust.
Christ Redeemer 4 77(30.8%)

Delicate Arch Park 4 139(55.6%)
Statue of Liberty 2 33(23.6%)

Pisa Tower 1 85(34%)
Golden Gate Bridge 2 161(64.4%)

Pantheon, Rome 5 51(20.4%)
Lake Louise 3 40(16%)

The Temple of Heaven 2 42(16.8%)
Taj Mahal, India 2 70(28%)

Eiffel Tower 2 137(54.8%)

Table 2: Web photo set statistics. For each keyword, we
downloaded 250 photos with Common Creative License from
Flickr, except Statue of Liberty, for which we could only
download 140 photos. For each photo set, we reported the
number of clusters with more than 10 photos in the middle
column and the cluster size of the largest cluster in the last
column.

era quickly. Since we currently use YouTube videos for the
experiment, the compression artifacts also contribute some
blurring and blocking artifacts. Videos taken at poor lighting
conditions can also fail the feature matching. Second, some
frames that mainly describe the surrounding scene around im-
portant objects are sometimes determined as important as the
important objects. The reason is that many web photos record
the main object of interest as well as its surrounding context.
Our method considers the feature distribution, which helps
to relieve this problem. However, when the object of inter-
est does not have enough features while its surrounding has
much more features, the frames with the surrounding content
are mistaken as important as the frames with the object of
interest.

Our observation from this experiment is that, although the
content in the photo set varies, there exist large clusters that
represent common interesting scene content. This observa-
tion supports that the web photo set contains people’s knowl-
edge about what is important in a scene. Our pilot experi-
ment suggests that our method of mining the knowledge in
the photo set to measure the frame interestingness of travel
videos can capture some of this knowledge. More complete
experiments are needed to confirm this.
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4 Conclusion
In this paper, we presented a method that uses web photos to
vote for the frame interestingness of a travel video. Shared
web photos are usually carefully taken and selected. So they
can often be regarded as subjectively interesting and serve as
evidence that similar images, are also interesting. Based on
this idea, we developed an algorithm that matches a video
frame to its relevant web photo set and use the web photos
to vote for the frame interestingness. Our pilot experiments
suggest that web photos capture people’s subjective sense of
scene interestingness and this knowledge can be exploited to
measure the frame interestingness of a travel video.

Our method is complementary to visual quality measure-
ment. It determines video frames containing well positioned
interesting content, while the visual quality measurement can
be used to select high-quality frames from those interesting
ones. Combining them together, especially in specific appli-
cation scenarios, will lead to better performance than any one
of them alone.

While our pilot experiment is encouraging, further exper-
imentation is necessary to both confirm the effectiveness of
our method at predicting viewers’ subjective expectations, as
well as to understand how large and specific an image collec-
tion is required for the approach to be effective. Our current
user study is still preliminary. Instead of directly measuring
the quality of our results, it currently only checks if the user
confirms its prediction or not. More studies are needed to
measure the accuracy of the prediction. For example, we can
show each participant pairs of frames that receive different
scores from our method, and ask her/him which is more in-
teresting. Accordingly, we can score our method based on
how often participants agree with our method’s prediction.

Our interestingness measure currently only looks at the
scene content and image composition of a video. It relies
on having photos that are similar enough in content to the
video. So our initial experiments focus on travel videos of
well-known places as it is easy to find appropriate videos and
photo collections, and common motifs are easily recogniz-
able. However, even for a travel video, more factors could
contribute to its interestingness. For example, the interest-
ingness might come from the people in it or etc. Moreover,
extending the approach to more general categories of video
content will be challenging.

In future, we plan to apply our method to some real-world
applications, such as video summarization, pictorial video
representation, and video retrieval. It will be both helpful to
solving real-world problems as well as further evaluating our
method.
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