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Abstract. Recent increase in the number of digital photos in the content sharing and social networking
websites has created an endless demand for techniques to analyze, navigate, and summarize these images. In this
paper, we focus on image collection summarization. Earlier methods in image collection summarization consider representativeness and diversity criteria while recent ones also consider other criteria such as image
quality, aesthetic or appeal. In this paper, we propose a multi-criteria context-sensitive approach for social image
collection summarization. In the proposed method, two different sets of features are combined while each one
looks at different criteria for image collection summarization: social attractiveness features and semantic features. The first feature set considers different aspects that make an image appealing such as image quality,
aesthetic, and emotion to create attractiveness score for input images while the second one covers semantic
content of images and assigns semantic score to them. We use social network infrastructure to identify
attractiveness features and domain ontology for extracting ontology features. The final summarization is provided by integrating the attractiveness and semantic features of input images. The experimental results on a
collection of human generated summaries on a set of Flickr images demonstrate the effectiveness of the
proposed image collection summarization approach.
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1. Introduction
Due to the proliferation of digital cameras and smart
phones, the size of publicly available and personal photo
collections is growing. It has been reported that about 500
million images are uploaded to the internet (just considering Flickr, Facebook, Instagram and Snapchat( everyday
[1]. It has created an increasing demand for image collection summarization methods, which enables users for
interactive navigation and exploration of large-scale image
collections.
Earlier work in image collection summarization systems
considered representativeness and diversity. The summary
images should be as similar as possible to the original
collection and as dissimilar as possible to each other [2].
The former is called coverage and the latter is called
redundancy in some literature. Recent studies propose that
other criteria like quality or attractiveness are also important for the summarization. Rudinac et al [3] did a
crowdsourcing experiment to find out how human users
perform image collection summarization. Their study
showed that images that are chosen as summary were
*For correspondence

semantically similar to other images. On the other hand,
they found out that other criteria like context, popularity,
and visual aesthetic appeal are also important for image
collection summarization.
In this paper, we propose a multi-criteria approach for
image collection summarization. We propose two different
meaningful sets of features: semantic features that represent
content of images and attractiveness features that capture
how appealing an image is. The proposed method consists of
three different modules: (i) a semantic module that assigns a
semantic score to each image; (ii) an attractiveness module
that assigns attractiveness score to each image; (iii) the last
module that creates the summary considering the information
from both semantic and attractiveness modules.
We propose a context-sensitive approach for extracting
semantic and attractiveness features automatically. To do
so, we train models using social network activities and
domain ontology and apply the trained models to extract
semantic and attractiveness features according to the context of images. Final summary is created using the semantic
and attractiveness scores of images.
We made ground truth human-made summaries of a set
of Flickr images in the domain of cities and locations to
evaluate the proposed method. The results of the proposed
1
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method are compared with human-made summaries. Here
we address the problem of low user agreement in doing the
summarization [3]. The number of common images
between two human made references is reported to have a
mean value equal to one [3]. We propose a summary
pooling method to evaluate the result of the proposed
approach. In the proposed pooling method, images which
are selected more frequently by human observers and
highly ranked images get heavier weight in the evaluation
process. The results showed that the proposed approach
performs better when compared to single-criteria image
summarization systems in selecting representative photos in
a collection of images.
The contribution of this paper is listed below:
• A context-sensitive multi-criteria approach is proposed
for image collection summarization.
• Two meaningful sets of features are extracted automatically and applied for image collection
summarization.
• A summary pooling method is proposed to overcome
the low user agreement in manual summaries and
compare the result of the proposed method with
multiple manual reference summaries.
The rest of this paper has been organized as follows. In
the next section, a literature review on image collection
summarization methods is provided. Then the proposed
approach is presented. Experimental results and conclusions with future work are presented subsequently.

2. Related work
Earlier image collection summarization methods used to
have unsupervised and single-criteria approaches. They
considered the goal of high representativeness and low
redundancy. They are classified to visual and multi-modal
summarization systems. Visual summarization systems are
the category of methods that work on visual features of
images and multi-modal methods work on social or web
images that have side (meta) data such as textual, geo,
social, or other kinds of data attached to them.
Visual image summarization systems apply two main
approaches: clustering algorithms and graph centrality
methods. Simon et al proposed a greedy version of
k-means algorithm [2]. Their algorithm iteratively selects
exemplars to optimize an objective function which maximizes the similarity of the representative set to the original set and minimizes the similarity of the representative
set to itself. The method proposed by [4] uses a similar
objective function and does the optimization by using
simulated annealing algorithm. Clustering techniques like
affinity propagation [5, 6] and spectral clustering [7] have
also been applied.
Graph centrality algorithms are also used in image collection summarization. Jing and Baluja [8] use the
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PageRank algorithm on a similarity graph made from visual
features of images. Wang et al [9] proposed a modified
version of PageRank that resulted in higher diversity.
Samani and Moghaddam also make a semantic similarity
graph of images and use graph centrality algorithms to do
image collection summarization [10].
Social or web images have usually other modalities of
data attached to them. They may contain side information
like social tags, comments, geographical or temporal data.
Multi-modal image summarization methods use this side
information for doing the summarization.
Kennedy and Naaman [11] find representative tags and
location meta data and then representative images based on
the location representative tags.
Textual data is another modality of information that is
used by some researchers. Qian et al [12] use clustering
techniques to find representative topics from textual tags
associated to images and select exemplar images from
representative topics. Camargo and González [13] use nonnegative matrix factorization to find latent topics in the
textual space and then use textual latent topics to perform
non-negative matrix factorization in the visual space.
Graph clustering on a combination of visual and textual
data is another method in summarization. For example, Yan
et al [14] define two sets of nodes corresponding to images
and their surrounding texts. Heterogeneous edges created
based on text to image correlations while homogeneous
edges created using text to text correlations. The authors
use complex graph clustering and spectral co-clustering
algorithm to diversify image search results. Similar methods use other graph clustering algorithms like hyper-graph
partitioning [15] and affinity propagation [16].
Social meta-data such as comments or bookmarks is another
source of information [17]. As an Example, Jaffe and colleagues use a combination of textual, social, temporal and
location meta-data with a modified version of the Hungarian
clustering algorithm [18] for image collection summarization.
Recently some supervised and multi-criteria approaches
have been proposed [1, 19]. Supervised approaches are based
on learning methods that minimize the difference between
human-made and computer-made summaries. For example, a
supervised method has been proposed in [1] to learn a mixture of submodular functions to minimize their proposed
V-Rouge method. V-Rouge is defined as a distance between
human-made and computer-made summaries.
Rudian et al [3] proposed one of multi-criteria, supervised and multi-modal approaches. Their approach is multimodal as it uses different side information like geo tags and
textual comments of images and it can be considered as
multi-criteria as it considers content and some aesthetic
features of images. They use a learning method based on
RankSVM to learn a summarization method based on a
human-generated set of summaries.
The proposed method by Shen and Tian is another multicriteria and multi-modal approach [20]. They use a combination of time, location, semantic features, and consider
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quality of images in doing the summarization. Gaussian
mixture model is applied to cluster images into different
events and a photo ranking algorithm was proposed to rank
photos based on their representativeness.
Table 1 shows a comparison among some of the most
recent work in image collection summarization. As it can
be seen in the table, the proposed method is categorized to
visual image collection summarization systems as it uses
images as the source of information; and it is unsupervised
and multi-criteria.
Social and semantic data have been used in other areas of
multimedia data such as video retrieval [21] video summarization [22]. With the recent increase in the volume of
available digital photos, a wider range of applications
beyond their traditional ones came to benefit from Image
collection summarization; such as life logging systems [23]
and Object tracking [24] in this paper, we propose a multicriteria context-sensitive approach for image collection
summarization applying semantic and attractiveness data.

3. Proposed approach
We propose here two different sets of features in our
approach. The first set contains ontology features which
extract semantic content of images. These high level
semantic features are defined on top of low level visual
features of images. The second set consists of attractiveness
features which extract different aspects that make an image
appealing on social networks. Attractiveness features are
defined as a combination of quality, aesthetic and emotion
features on top of low level visual features of images.
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Figure 1 shows an overview of the proposed method.
The proposed method consists of three main modules. The
first module extracts ontology features and generates a
score for each image which shows the amount of (semantic)
information each image covers from the whole collection.
We call this module as semantic module in our future
references.
Second module works on attractiveness features. It
extracts attractiveness features and generates a score for
each image. The score is supposed to show the amount of
attractiveness of each image. We call this module as
attractiveness module in our future references.
The third module is the integration and summarization
module. The goal of third module is to combine the output
of the first two modules and extract a unique representativeness score for each image. We apply weighted average
approach for the integration module. In this way, each
image gets a summarization score which is calculated by
weighted average of social and semantic scores.
The proposed approach goes through two phases: training and testing. In the training phase, semantic and attractiveness modules are trained.
The idea of semantic module is to find a model to make
high level semantic features from low level visual features.
We use the idea of [10] with some modifications. They
provide the domain ontology to the system and design a
classifier that can categorize images to concepts of the
domain ontology. Ontologies are the knowledge backbone
for many knowledge based and intelligent systems [25, 26].
Domain ontology provides the system major concepts in the
domain of images. Suppose images are related to Paris. The
domain ontology provides system with major visiting

Table 1. Comparison among some recent image collection summarization methods.

Modes in use

Supervised /
unsupervised

Tags ? images

Unsupervised

Text ? image

Unsupervised

Image

Unsupervised

Image ? text

Unsupervised

Zhao et al [6]

Image

Unsupervised

Qian et al [12]

Image ? text

Unsupervised

Fang et al [19]

Images

Supervised

Tschiatschek et al [1]

Images

Supervised

Image ? comments ? geo
tags
Location ? time ? image
Image

Method
Latha et al [27]
Camargo and González [13]
Samani and
Moghaddam[10]
Yan et al [14]

Rudinac et al [3]
Shen and Tian [20]
Proposed approach

Criteria

Approach
Optimization

Clustering (affinity propagation)

Supervised

Singlecriteria
Single
criteria
Singlecriteria
Singlecriteria
Singlecriteria
Singlecriteria
Single
criteria
Single
criteria
Multi-criteria

Unsupervised
Unsupervised

Multi-criteria
Multi-criteria

Clustering
Combining semantic and social features

Numeric metric optimization
Semantic ? raph centrality
Graph clustering

Clustering
Learning topic aspects
Learning sub modularfFunction
Learning RankSVM
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Domain Ontology

Visual Feature Extractor

Attractiveness Features Extractor
Semantic Learning

Attractiveness-Learning

Train Phase

Web and Social Images

Classifier

Attractiveness Model

Classifier

Semantic Model

Input
Images
Test Phase

Attractiveness Ranking

Semantic Ranking

Integration and
summarization

Output images

Figure 1. An overview of the proposed method.

places in Paris like Eiffel Tower and Seine River. These
major visiting places are different for each city. For
example, a domain ontology for Rome contains concepts
like: fountain and amphitheater (corresponding to Colosseum and Trevi Fountain) and a domain ontology for Paris
contains concepts like: tower and river (corresponding to
Eiffel Tower and Seine River). In another word, the domain
ontology provides the system the general knowledge about
content and context of images. In the training phase, a
classifier is trained with the concepts of the domain
ontology. In the test phase, the trained classifier is applied
to compute a set of ontology features. The ontology features are then used to define information content and popularity of images. Popularity is defined for all concepts of
the domain ontology individually. The details of this
module are presented in section 3.2.
The idea of attractiveness module is to find a model to
make attractiveness features from low level visual features.
We propose to train a classifier that can discriminate between
social attractive and non-attractive images. In the training
phase, a classifier is trained with training images of attractive
versus non-attractive images. We use social behaviours of
users on social networks to provide the training data for our

classifier. We provide a set of attractive and non-attractive
images from social images with bookmarks on them. Social
behaviours vary according to the context and content of
images. For example, images related to a highly-visited city
like Rome may have higher range of bookmarks than a city
with less number of visitors. Thus, attractiveness should be
modeled differently for different contexts. In this way, we do
a statistical analysis on images on various context and content
individually. A set of attractive and non-attractive images are
fed into the classification system based on a statistical analysis for each context. The output of the classifier in the test
phase is used to make attractiveness score. The details of this
module are proposed in section 3.1.
The test phase is shown in the bottom part of figure 1. In
this step, the image collection is fed into the attractiveness
module and semantic module. The trained attractiveness
models and semantic models are used to assign semantic
score and attractiveness score to each image. Finally, the
integration and summarization module integrates the output
of the other modules and generates the summary set. The
details of this module are discussed in section 3.3.
It should be mentioned that the domain ontology and
social network platform are used in the training phase and
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no side information is used in the test phase. This makes
our approach applicable for images that no side information
is available for them. The details of proposed modules are
as follows.

3.1 Attractiveness module
The purpose of this module is to assign a score of attractiveness to each image. We use a classifier here that can
discriminate between attractive and non-attractive images.
In other word, we use a learning method that learns
attractiveness features from low level visual features. The
learning method gets a set of attractive and non-attractive
images for each context and learns their attractiveness from
their low level visual features. The classifier confidence
value of each image to attractive class is used at its
attractiveness score.
The first issue is to provide training samples for
attractive images. We decided to use social network
platform. Users in social networks can do social behaviours on images. For example, when an image is interesting to them, they may bookmark it (such as like on
Facebook or favourite on Flickr); they can share it or
write tags, comments or notes on it. Recent studies discuss
that these meta-data can be used to determine if an image
is appealing to users [28]. Social meta data have also been
reported to be more important than other features such as
visual or textual features [29]. Pedro and Siersdorfer [30]
report that there exists a correlation between the number
of bookmarks for an image and the number of other
available social behaviours such as shares and comments.
Thus, in this paper we decided to use social bookmarked
images to provide our attractive samples. In this way,
images are divided into two sets of attractive and nonattractive images according to the number of bookmarks
they have.
We choose a threshold value for the number of bookmarks. In this way, images that have bookmark number
greater than the threshold are considered as attractive and
images with bookmark number less than the threshold are
considered as non-attractive images.
The next issue is choosing the threshold value. Kardaani
and Moghaddam report that the threshold value is dependent to the underlying context [28]. They show that a
unique threshold value is not working for finding attractive
images. They also report that social images that have
bookmark counts greater than the average of the bookmarks
in the corresponding context can be considered as attractive
social images. Thus, we define the threshold value for each
context, equal to the average of the number of bookmark of
its images. Figure 2 shows a sample of attractive versus
non-attractive images related to the city of Rome in our
dataset.
Having two sets of attractive and non-attractive images,
we use the following low level features: perceptual quality,
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aesthetic sensitivity and affective tune. These features are
introduced in [31].
• The perceptual quality features describe the basic
qualities of image, including the brightness, contrast,
colourfulness, sharpness, and blur.
• The aesthetic sensitivity considers if an image is
visually appealing from the aesthetics point of view.
We use well-known rules, including Rule of Thirds,
simplicity, and visual weights. Rule of Thirds is
positioning the subject near the golden ratio points.
Simplicity is simplifying the subject area comparing to
image area, and visual weight is balancing the visual
weight of the subject and the background.
• The affective tune features model the emotional impact
of image visual elements to humans. We use line-based
features and colour-based features. Line-based features
are calculated according to the distributions of static
and dynamic lines which reflect different emotions.
The colour-based features are represented as a histogram which quantizes the impact of colour to
emotions.
We use support vector machine classifiers to discriminate
attractive images from non-attractive images. The classification confidence value of each image to the attractive class
is used as its attractiveness score. The output of this step is
the attractiveness score for different images. In the next
section 3.2, the details of the semantic module are
discussed.

3.2 Semantic module
We apply the idea of [10] with some modifications to
model semantic information. Domain ontology of images is
applied which contains dominant concepts of the images
domain and taxonomic relations between them. In another
word, domain ontology provides us the knowledge about
the context of images. Figure 3 shows a sample of domain
ontology related to the visiting places in Rome.
We use a classifier which categorizes images to the
concepts of the domain ontology and define a set of
semantic features based on the output of the classifier.
Ontology features are supposed to capture semantic information in each image and are defined on top of low level
visual features. The details about how to provide the
domain ontology can be found in [10].
We apply a hierarchical classification technique which is
proposed in [32] to do the classification among different
ontology concepts. In this manner, at each semantic node in
the domain ontology a classifier is applied to discriminate
between immediate sub-concepts of the current node. The
classification is done recursively from the root to the leaves.
At each semantic node, concepts with higher confidence
values are selected for further exploration and the classification is done recursively for sub-concepts. Finally, each
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Figure 2. A sample of attractive (top) versus non-attractive (bottom) images from the city of Rome.

otology of figure 3 we have a feature vector Fi for each
image which contains different concept of the ontology e.g.
fountain, Basilica and amphitheatre. fi j is computed in the
following way:

Visiting places in Rome

fi j ¼ hj  Confi j

where Confi j is the confidence value for the classification of
image i to class j and hj is computed based on equation 3:

…
Amphitheaters

Colosseum

…
.

St. Peter's Basilica

Fontana del Tritone

Trevi Fountain

Basilicas&Churches

…

Fountains

…
.

Figure 3. A domain ontology related to the city of Rome.

image is categorized to different concepts of the domain
ontology. We use support vector machine classifier and
Bow features defined on SIFT local features [33].
After the classification, a bag of features for each image
is created by using ontology concepts:


Fi ¼ fi1 . . .; fi j ; . . .; fic
ð1Þ
j

ð2Þ

where fi is the feature of image i related to concept j and c
is the number of classes (concepts). For example, in the

Pn j
Nj
f
hj ¼ ¼ Pc i¼1
Pn i j
Nt
j¼1
i¼1 fi

ð3Þ

Based on this definition, hj is the sum of confidence
values for the classification of images to class j divided by
the sum of confidence values for the classification of images to all classes. hj considers the popularity of a concept in
computing the ontology features. Using hj gives more priority to the more frequent concepts.
As a distance measure, we use the cosine distance
between image feature vectors
Simij ¼

Fi :Fj
 
j Fi j  Fj 

ð4Þ

where Fi and Fj are ontology features of the image i and
image j. The operator ‘‘.’’ is a dot product between images.
Although Euclidean similarity and its variations have
reported to make adequate results in other areas like fingerprint matching [34] and image retrieval [35], cosine
similarity makes a higher average variance in highly ranked
results than Euclidean distance [36, 37]; so in this paper we
use cosine distance. Finally, we define SimiC as its similarity to the whole collection for each image.
SimiC ¼

n
X
j¼1

Simij

ð5Þ
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where n is the number of images in the collection. For each
image i, SimiC shows its similarity to the whole collection
from the information content point of view. Higher values
of Sim for an image mean that it is more representative
from information point of view. The output of this step is
the semantic score for different images which is equal to
SimiC for each image.

3.3 Integration and summarization module
The goal of integration and summarization module is to get
the output of semantic and attractive modules and do the
summarization. Our idea is to use weighted average of
semantic and attractiveness scores. The algorithm of summarization is shown in figure 4. The inputs to the summarization module are the image collection and the
attractiveness and semantic scores and the output is a
ranked list of images in the collection while higher ordered
images have higher representativeness. At the first step, the
weighted average of semantic and attractiveness scores is
calculated and assigned to TotalScore variable
P
i2fSemantic; Attractivenessg wi  Scoreji
P
TotalScorej ¼
ð6Þ
i2fSemantic; Attractivenessg wi
where wi s are the weights assigned to semantic and
attractiveness
scores.
In
this
paper, we us
ðWSemantic ; WAttractiveness Þ ¼ ð0:53; 0:47Þ. These weights are
found based on a user feedback experience. The first image
in the summary is selected by getting the maximum value
of TotalScore. In the next steps, the SemanticScore
(SemScore) is updated and the weighted average is calculated iteratively.
We follow the idea of high representativeness and low
redundancy for updating SemanticScore vector. By this

Figure 4. The summarization method.
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idea, exemplar images should be as similar as possible to
the original set and as dissimilar as possible to images that
are already selected. This is done in lines 7–9 (figure 4).
The value of c does a compromise between similarity to the
whole set and dissimilarity to the selected set.
According to the idea of ‘‘maximal marginal relevance’’
in the domain of document retrieval, there is no any
wrong or correct value for c; and it is better to start with
small value of c (e.g. c = 0.3) to find out the information
space in the area of query, and then to focus on more
important parts using a reformulated query and a larger
value of c (e.g. c = 0.7). In this work, we choose c = 0.8
by experiment.

3.4 Evaluating the proposed approach
As a part of our evaluation, we decided to compare the
results of the proposed method with human made summaries. To do so, we select 1200 images related to 12
different cities as our test set. Each city has 100 images
related to it. We provide a number of users with the set of
image collections and ask them to choose a small set of
images (with 10 number of images) as visual summary.
Users were asked to select the visual summary to capture
the essence of the larger image set. Also, they were asked to
order summary images based on their preferences. Finally,
we have a set of manual references for each city. As an
evaluation metric, we compare the results of the proposed
approach with human made summaries.
At this point, an evaluation metric is required that
enables us to compare the results of our approach with a set
of human-made references. Rudinac et al [3] in their study
discuss that there is often low user agreement between
summary images. The number of common images between
different summaries is reported to have the average equal to
one. This will make approaches like VERT [38] which is
based on comparing human-made and automatic references
in the domain of video summarization hard to follow.
Rudinac et al [3] propose a pyramid approach for making
an optimal set of images from a set of user-made summaries. In their approach, they give higher priority to
images that are chosen by more number of users. In this
paper, we enhance their pyramid method and propose the
following approach to combine human-made summaries.
We try to take into account both the orderings provided by
users and the number of users that choose an image.
We define a summary-value for each image based on the
result of user orderings which is defined in the following
way:
PN
j¼1 orderj ðiÞ þ ðM  N Þ  C
summary  valuei ¼
ð7Þ
M
where summary value i is the summary-value for image i, N
is the number of time that image i was selected in the
summary set, M is the total number of human-made

143

Page 8 of 12

Sådhanå (2018) 43:143

Figure 5. Summary pooling method.

references and C is constant number bigger than maximum
possible order (in this case, any number greater than 11).
The summary-value of each image is an estimation of its
order by human observers considering the fact that images
selected by more observers and those with lower position in
the ordering should have higher impact on our the evaluation metric.
We have a list of images and their corresponding summary-value. Images are grouped according to their distinct
amount of summary-value. Each distinct amount of summary-value has a group of assigned images as in figure 5.
We interpret each group as a pool of images that are of the
same importance. Pools are sorted based on their increasing
summary-value. The less the summary-value, the more
important the pool of images.
We believe that a summary set S with s number of
images that should get the maximum evaluation metric is
made in the following way:
(
)
p1
[
S ¼ l Number of images  Pp ;
All images i 2 Pi ð8Þ
i¼1

i¼1
p1
X

n
1X
ðjPj  iÞ  jPi \ T j
lS i¼1

p1

 X
j Pi j  ð j Pj  i Þ
lS ¼ l  jPj  Pp þ

ð11Þ

ð12Þ

i¼1

where, Pi is ith summary pool, jPj is the number of summary pools that we have, T is the result of automatic image
summarization system and jPi \ T j is the number of common element between Pi and T.

4. Experimental results
In this section, advantages of the proposed approach are
demonstrated in a variety of experiments. We applied the
experiments on 12000 images downloaded from Flickr
website in the domain of cities and locations.

4.1 Data set and implementation details

where Pi is ith summary pool and p and l are defined in the
following way:
!
p
X
ð9Þ
p ¼ min
j Pi j [ s

l¼s

l ¼ Evalation metric ¼

ð10Þ

jPi j

i¼1

We define the l value as an evaluation metric for an
automatically-generated summary T in the following way:

The test data set contains 12000 images related to 12 cities
which were downloaded from Flickr. The domain ontology
about visiting places in cities was extracted from Dbpedia
and ImageNet dataset was used for training the classifier
with domain ontology concepts. Details can be found at
[10].
We used FlickrAPI to extract and analyze the statistics of
top 10000 images related to each city and find the threshold
for attractiveness value. For each city, 500 attractive and
500 non-attractive images were extracted and the attractiveness classifier was trained.

Table 2. Grade assigned according to representativeness.
0
Not representative

–

2

3

Low representative

Mid representative

High representative
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Subjecve Evauaon of the proposed method
Mean of Representave Grade

2
1.5
1
0.5
0
N=5
Proposed Method
Semanc Ranking
VisalRank

N=10

N=15
N=20
Aracveness Ranking
Greedy K means

Figure 6. Subjective evaluation of the proposed method.

143

original image collection and minimize the similarity of
the representative set to itself.
• Visual Rank: This method was proposed in [8]. They
apply PageRank algorithm on a similarity graph of
images. In the similarity graph, images are nodes and
edges are their visual similarity.
• Attractiveness Ranking: This approach does the ordering of images based on the output of our attractiveness
module.
• Semantic Ranking: This approach does the ordering of
images based on the output of our semantic module.
The first two approaches are the most common approaches in visual and unsupervised image collection summarization approaches. The next two approaches are the
evaluation of attractiveness and semantic modules
individually.

Evaluaon of the proposed Summary Pooling Method

0.6

4.3 Subjective evaluation of the proposed method

0.5

μ

0.4
0.3
0.2
0.1
0
N=5

N=10

Manual References

N=15
Random Ranking

Figure 7. Evaluation of the proposed summary pooling method.

Objecve evaluaon of the proposed method

0.6
0.5

μ

0.4

We evaluate the proposed method by objective and subjective measures. Subjective evaluation is used in image
summarization systems usually [2, 8, 15]. For subjective
evaluation, the first 20 top ranked images were presented to
16 graduate students who have already visited and were
familiar with the selected cities. The students were asked to
assign representative grade to images related to each city
based on table 2.
We compute the mean of subjective representative grade
for different methods. The result of comparison is shown in
figure 6. The vertical axis shows the average of subjective
grade among different users and horizontal axis shows
summary size changing from N=5 to N=20 images. As it
can be seen, the proposed method has better results compared to approaches of [2] and [8] and compared to
semantic and attractiveness modules working individually.
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Figure 8. Objective evaluation of the proposed method.

4.2 Method used for comparison
We compare the proposed method with the following
approaches:
• Greedy-K means: This method was proposed in [2].
They define a greedy version of k-means algorithm. The
algorithm is supposed to optimize an objective function
to maximize the similarity of the representative set to the

In this part, we evaluate our summary pooling method. We
believe that a good summarization evaluation metric should
give better score for human-made summaries compared to
randomly-generated summaries. We choose different
manual reference summaries with varying number of images from N = 5, N = 10 and N = 15. In each case, we
evaluate the l ratio for manual references in a leave-oneout manner and get their average. We compare the result of
evaluation for manual references with random generated
summaries (see the related work section for visual and
multi-modal image collection summarization categorization). The results are shown in figure 7. As we can see, the
increasing number of human-made summaries make the
distance between human-made summaries and random
summaries bigger. It shows that our evaluation metric
works well.
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Figure 9. A set of 32 images related to the city of Rome.

Figure 10. The result of summarization of images of figure 9: first 5 images with high attractiveness score (top), semantic score
(middle), and the proposed approach (bottom)

4.5 Objective evaluation of the proposed method
For objective evaluation, a set of 1200 images, 100 images
related to each city was selected from the original 12000

images. A set of human-made reference summaries was
generated for each city. The original image collection was
presented to 16 graduate students and they were asked to
select top 10 images as the summary images. We use l

Sådhanå (2018) 43:143
parameter which is defined in section 3.4 for comparing the
result of the proposed method with human-made references.
Figure 8 shows the result. Vertical axis is the l parameter
computed by equation 11 and horizontal axis shows different size of summaries. As it can be seen, the proposed
method has better results compared to approaches of [2]
and [8] and better than using semantic and attractiveness
modules separately.
Figure 9 shows a set of 32 images related to Rome and
figure 10 shows the result of summarization of that set with
the proposed method and applying semantic and attractiveness modules alone. As it can be seen, the original set
contains lots of redundant images that were related to the
same aspect of Rome, while they cover different range of
attractiveness. The first set contains images based on their
attractiveness score and second set contains images based
on their semantic score. The third set is the result of the
proposed method which considers both attractiveness of
images and their content.

5. Conclusion and future work
In this paper, a multi-criteria context-sensitive approach
was proposed for social image collection summarization.
We used two different modules and each one working
separately on a set of features of images. We applied a
context-sensitive approach to extract the features automatically. The final summary was produced by aggregating the
result of these two modules.
This work has some directions to future research work.
Combining ontology features with attractiveness features is
done simply by the weighted average approach. There exist
more advance techniques in multi-criteria ranking or rank
aggregation. Applying more advance techniques for
aggregation of these two metrics is an interesting idea to
follow. In this method, the attractiveness model is trained
on the same social network that the model is used (Flickr
for both). Using different social networks as the training
and test infrastructure for learning has its own challenges
and is an interesting idea to follow for future work.
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143

Page 12 of 12

[22] Lu Z, Lin Y-R, Huang X, Xiong N and Fang Z 2017 Visual
topic discovering, tracking and summarization from social
media streams. Multimed. Tools Appl. 76(8): 10855–10879
[23] Lidon A, Bolaños M, Dimiccoli M, Radeva P, Garolera M
and Giro-i-Nieto X 2017 Semantic summarization of egocentric photo stream events. In: Proceedings of the 2nd
Workshop on Lifelogging Tools and Applications, pp. 3–11
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