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Abstract
One of the results of requirement analysis (done in aceMedia) was that clustering visually
similar photos without disturbing the timeline would be very helpful while searching and
navigating. This thesis determines an appropriate clustering algorithm to cluster visually
similar photos without disturbing the timeline.

Considering the results of requirement analysis, three clustering algorithms were
considered; time-based, time & visual similarity-based, and visual similarity-based. The
mean of Color Histogram of photos was used to determine the visual similarity.

The clusters found by the algorithms were compared with that of the clusters found by
users in the same photo collection. F1 metric (discussed in chapter 4) was used for the
comparison. Two of the three considered clustering algorithms (time-based and time &
visual similarity-based) produced similar and expected results. To determine the
appropriateness and completeness of the clusters found by these two algorithms, users
were asked to evaluate the clusters. The results obtained were favorable to both the
algorithms. Considering the response time of the algorithms time-based algorithm was
found to be an appropriate algorithm.
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1 Introduction
Digital cameras are coming into widespread use, and as a result, users are amassing
increasingly large collections of digital photographs. There is thus a demand for
automatic tools to help manage, organize, and browse these collections. And, digital
photographs typically include metadata, such as the time and date, in a standard image
header such as EXIF that can be used for automatic organization [INT01].
1.1 Motivation
Let us consider a user who has a collection of 700 photos, some of these photos may be
of the same location taken in a short interval of time. He has to cross across this set of
similar photos every time he navigates through the collection. He does not want to delete
these memories (photos). Though they may look similar each has their own individual
value to the user. Neither does he want to delete them nor does he want to navigate
through them every time he browses the collection. It would be better if he could cluster
these visually similar images.
The work described in this paper is a result of the requirement analysis done for
aceMedia. One of the requirement analysis results was that if aceMedia could cluster
visually similar photos without disturbing the timeline it would be very helpful while
searching for a particular photo and also the navigation through the thumbnail view
would be easier.

The requirement analysis was done with nearly 40 users in four

different European countries. aceMedia has implemented a Human-Centered Design
Process according to the ISO 13407 standards for this requirement analysis. ISO 13407
describes human-centered design as a multi-disciplinary activity, which incorporates
human factors and ergonomics knowledge and techniques with the objective of
enhancing effectiveness and productivity, improving human working conditions, and
counteracting the possible adverse effects of use on human health, safety and
performance [ISO01].

12

The requirement analysis was done based on the four iterative processes mentioned by
ISO 13407. First step was to understand aceMedia, then to design the user requirements,
produce design solutions and the last step was to evaluate the solutions. These steps were
iterated until the system satisfied the requirements.
There are four user-centered design activities that need to start at the earliest stages of a
project. These are to:
•

understand and specify the context of use

•

specify the user and organizational requirements

•

produce design solutions

•

evaluate designs against requirements.[ISO01]

The iterative nature of these activities is illustrated in the figure below. The process
involves iterating until the objectives are satisfied.

Fig. 1 The interdependence of human-centered design activities [ACM03]

Fraunhofer FIT had to perform another evaluation with 11 users with 13 series of photos
to assess the benefits of visualization based on real photo series to improve photo
browsing and photo management. The results of this evaluation confirmed the results of
13

the earlier requirement analysis results. The motivation for this thesis is the result of both
these user studies on aceMedia.
The following figure will be helpful to depict the motivation of this thesis:

Fig. 2 Motivation of the thesis

The results of the requirement analysis were used in developing aceMedia. The
evaluation done by Fraunhofer FIT was used in improving the visualization.
1.2 Problem Statement
Many photographers (almost all professional photographers and many regular
photographers) often take more than one photo of the same subject. When viewing the
image sequence as it comes from the camera, you find not only individual images but
also clusters of similar images, along the time line.
For instance, while searching for a photo user feels frustrated navigating an entire
collection. It would be better to have a cluster which would group visually similar photos.
This would reduce the overview of the thumbnails in a collection, annotation of visually
similar images could be done at one go, and user can easily identify superfluous images.
The user requirement analysis (discussed in Section 1.1), based on ISO 13407, made for
aceMedia produced the following results:
• Time is the dominant criterion for organizing private photo collections.
• Clustering should be done while uploading images; therefore it should be fast
and computationally simple.
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• For clusters, user wants to see what special actions are available
• System should allow annotating several images in one go
• Clustering is needed on mobile devices; therefore it should be fast and
computationally simple
• Users require automatic identification of clusters of images that are very
similar in a timeline sequence of content. [ACM03]
It is clear from the above mentioned results that time is the dominant criterion for private
users, and they do not want time to be disturbed while clustering the photos. Users tend to
organize photo collections based on time [SOA02]. Also, experiments conducted by
Graham, Garcia-Molina, Paepcke, and Winograd [PBS02], showed that exploiting the
time dimension and appropriately summarizing collections can lead to significant
improvements. Another evaluation done by Fraunhofer FIT to improve the visualization
of collections in aceMedia produced the following results.
“If aceMedia could cluster similar images, without destroying the timeline, this could
have the following benefits:
•

The overview becomes shorter, more compact

•

Manual Annotations of images in the same cluster could be done in one go, as
they most likely have several metadata in common, e.g. place, keywords, persons.

•

User can more easily delete superfluous images from clusters, or choose the best
one of a cluster (for a key frame, for a show of favorites).” [ACM01]

The evaluation was done using 11 users and 13 original series of photographs each
containing between 26 and 258 photos, on average 111 photos. The above mentioned
evaluation results support the results obtained from the requirement analysis.
From the below given screenshot of aceMedia, there are three panels in the UI of
aceMedia. The folder panel on the left to displays the hierarchical view of the collections
and their content. A search panel at the top is used for entering search criteria. And the
view panel at the bottom is used to view the photos either as a thumbnail or in full size. If
the photos are to be viewed as a thumbnail, the user may not prefer to navigate through
15

visually similar photos every time he browses the collection. If we cluster visually similar
photos along the timeline then as indicated by the results obtained from the evaluation
done by Fraunhofer FIT, the overview becomes shorter, and annotation for visually
similar photos could be done at one go.
The following is a screenshot of aceMedia.

Fig. 3 Screenshot of aceMedia

In the below given graph, the number of photos and the number of cluster are plotted
against the 13 collections of photos. The graph is a result of user evaluation done by FIT
to improve visualization of collections in aceMedia. On an average, a thumbnail
overview would be reduced to 75% of the original size, if a cluster of similar images
were represented by one thumbnail. For some people, this is much more, up to 50%.
Also, it is evident that the more the number of photos in a collection, the more the
probability that the number of clusters formed will reduce the size of the entire collection.
From the given details, it is clear that the benefits that can be achieved might be even
higher, because the percentage of clusters is higher for professional creators, and a very
relaxed notion of visual similarity will detect more and larger clusters. So the effect of
condensing an overview by clustering would be more satisfying.
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Fig. 4 Graphical Representation of the Result of Evaluation done by Fraunhofer FIT [ACM01]

1.3 Goal
The objective of this thesis is to design and implement an algorithm for aceMedia that
would cluster visually similar photos without disturbing the timeline. Based on the
criterion that the timeline should not be disturbed and that visually similar photos must be
clustered, three different clustering algorithms were considered for this purpose. One was
based only on time, the second one was based on a nested algorithm of
time_and_visual_similarity, and the last one was based only on visual similarity. These
three algorithms were compared among themselves to choose a “best-fit” for the
requirements identified in aceMedia. Two steps of empirical evaluations were done to
determine a suitable algorithm that would satisfy the user requirements. One of these
evaluations was to determine the likeliness of the clusters formed by each of the
algorithms with that of the clusters found by users. The F1 metric, a numerical
measurement to determine the precision and recall of retrieval, was used for this purpose
[discussed in chapter 4]. The second evaluation was to determine the users’ satisfaction
with the clusters formed by the algorithms (whether they agree that the clusters found by
the algorithm are appropriate and complete).
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1.4 Organization of the thesis
Chapter 2 (State-of-art), reports the state of the art of various image clustering tools along
with a short description regarding each of the tools. This chapter also presents the various
techniques involved in image clustering.
Chapter 3 (Approach to solve the problem), describes the method used by me in
clustering visually similar photos for all the three considered clustering algorithms, the
software criteria met, and the use cases. This chapter also discusses about the proposed
visualization for this system.
Chapter 4 (Comparison and analysis of results), describes the comparison of the three
algorithms Time-Based, Time_and_visual_similarity-Based, and Visual similarity-Based.
The user evaluations done on these algorithms, and the results found from these
evaluations are described and discussed.
Chapter 5 (Conclusion and Outlook), summarizes the current achievements, results, and
some suggestions for the future work.
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2 State of Art
As discussed earlier in the introduction, with the increase in the usage of digital cameras
the number of digital photos has also increased. Users need an automatic organizer for
their collections. There are many algorithms that are either already in the market or under
research for clustering photos. The most commonly implemented algorithm is timebased. Time is either the only factor of clustering or is a part of clustering technique.
Almost all developers are keen in not disturbing the timeline of the photos, except for
some applications that are developed explicitly to cluster photos that are visually similar
irrespective of time. Yet, as discussed by Sun, Yang and Li [SOA03], they are not so
easy-to-use for unprofessional home users.
2.1 Techniques Involved in Clustering
To start with, Cluster means: “A group of the same or similar elements gathered or
occurring closely together; a bunch”. Clustering (in this thesis) means grouping visually
similar photos along the timeline. An important step in any clustering technique is to
select a distance measure, which will determine the similarity of two elements. This will
influence the shape of the clusters. Usually, the distance between two elements (A & B)
are as follows:
•

The maximum distance between elements of each cluster (also called complete
linkage clustering): max{d(x, y): x Є A, y Є B}

•

The minimum distance between elements of each cluster (also called single
linkage clustering): min{d(x, y): x Є A, y Є B}

•

The mean distance between elements of each cluster (also called average linkage
clustering): {1 / [card(A) card(B)] }ΣxЄA ΣyЄB d(x, y)

Time, visual-similarity, and location are the most commonly used factors for distance
measurement in clustering photos.
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In any clustering technique, an element can never be member of two clusters, which
means that each cluster is unique with its unique set of members. The goal of clustering is
to identify distinct groups in a dataset [CLU01].
Normally, there exists the concept of a threshold in any case of clustering. A threshold is
the extreme value of distance. If the elements are found to be within this extremity then
they are clustered. Normally, the distance between two elements is calculated and if it is
below the threshold then those elements in the same cluster.
In this thesis the basis of distance measurement is time (for time-based algorithm) or time
& visual-similarity (for time_and_visual_similarity-based algorithm) or visual-similarity
(for visual similarity-based algorithm). There is a threshold to go on with calculating and
comparing the distance between two photos, which will be discussed in detail in the next
chapter. The various clustering techniques involved in clustering photos are to be
discussed in the following section.
2.1.1 Time-Based
The basic idea is to cluster along the time axis. Time-based clustering will detect
noticeable gaps in the creation time. A cluster is then defined as those photographs falling
between two noticeable gaps. These gaps are assumed to correspond to a change in event.

Fig. 5 Time-Based Clustering

2.1.2 Content-Based [SOA06]
The features of a photo are used in the comparison process. According to [SOA06], there
are many features that could be automatically extracted from an image like surface,
20

height, width, aspect ratio, number of bright pixel, lowest gray level, highest gray level,
number of peaks in the x direction and of course the most common feature color
histogram. But not all these features are used in image comparison. And there are these
image processing operations like Color Histogram, Histogramic Normalization,
Histogramic Equalization, Template Convolution, and Gaussian Operator. Using any one
of the features and the appropriate operation a comparison could be done between two
photographs.

Fig. 6 Content-Based Clustering

In a content-based clustering algorithm time is not a dominant criterion. In the above
given figure, photos 1 to 8 are arranged along the timeline, yet photos 1, 2, and 8 come
under cluster Cl1, while photos 6 & 7 come under cluster Cl2.
2.1.3 Location-Based
Usually, Geo co-ordinates as supplied by GPS sensor data are used for clustering in this
technique. Special cameras are used that capture the photo as well as the geographic coordinates of the location of the photo. Later, these data are used in clustering the photos.
Such type of clustering is helpful in grouping photos taken in a particular location.
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2.1.4 Sensor-Based
Sensor-based clustering usually involves sensor values such as temperature, light
intensity, red / green / blue intensity, X tilt, and Y tilt. For example, the temperature
sensors record the temperature at the time of the photo-shoot. And based on the
temperature value, photos taken during daytime or midday or night will be clustered
together. Special devices are required to record these sensor values.
2.1.5 Time & Location-Based
Such type of clustering technique could be classified as an advanced technique.
Combining two basic techniques will help in obtaining a refined cluster. First, the
collection is clustered based on time. Then, these time-based clusters are clustered further
based on their GPS values. Finally, the user could view a group of photos that were taken
on a particular day at a particular location, for instance.

Fig. 7 Time & Location-Based Clustering

2.1.6 Time & Sensor-Based
This is another advanced technique in which two basic clustering techniques are
combined. The initial clustering will be based on time and the second or fine-clustering
will be based on sensor values discussed in the section 2.1.4. Such type of clustering is
useful to group photos that are taken on a particular day and with a particular sensor
value.
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Fig. 8 Time & Sensor-Based Clustering

In the above given figure, photos are arranged along the timeline. If the photos are
adjacent and their sensor value distance is below of the threshold, then they are grouped
as one cluster. Though photo 8 has the same sensor value as photos 1 & 2, it could not be
clustered along with cluster Cl1.
2.2 Clustering Tools
There are many available tools for photo clustering. Some are still under construction
while some are out in the market. PhotoCompas [SOA01], MyLifeBits [SOA02],
MyPhotos [SOA03], and Clustering in PDAs [SOA04] are to be discussed here to
understand the idea that was implemented in developing this project. Some of these tools
use a simple technique of clustering while most of them are now towards complex
clustering techniques based on the combination of simpler techniques, for obtaining more
precise cluster of photos. And also the reason why these algorithms were not applied in
this project will also be discussed.
2.2.1 PhotoCompas [SOA01]
This is a system that utilizes the time and location information embedded in digital
photographs to automatically organize a personal photo collection. Technology
advancements such as GPS and cellular technology made it feasible to add location
23

information to digital photographs. PhotoCompas performs two major tasks. First, it
automatically groups the photos into distinct events and geographical locations. Second,
it suggests intuitive geographical names for the resulting groups.
After the evaluation it was found that PhotoCompas can automatically generate a
meaningful organization for personal photo collections. In particular, the system
performed well when detecting events in collections; generating location hierarchies that
were intuitive to collection owners; and assigning node names that proved useful.
A prototype interface that will support PhotoCompas for desktop and PDA environments
has been developed. This interface is generated using the HTML-based Flamenco
metadata search interface. A research for the tradeoffs between this approach and a mapbased interface approach for geo-referenced photos is being done.

Fig. 9 PhotoCompas system [SOA01]

One of the key problems was the lack of multi-year geo-referenced photo collections to
experiment with. The authors verify if the techniques are also effective for collections
that span 20-30 years of photos.
2.2.2 MyLifeBits [SOA02]
MyLifeBits is a lifetime personal digital store, implements sensor-based clustering. It
describes the SenseCam device, which combines a camera with a number of sensors in a
pendant worn around the neck. Data from SenseCam is uploaded into a MyLifeBits
repository, where a number of features are used to manage the data.

24

In the case of passive capture, including SenseCam, one might say the difficulty is not
that it captures too much, but rather that the volume of captured material might extend
beyond the ability to make real use of the record. There are two keys to making use of the
record. The first is using relationships between items and the power of databases to
quickly sort, cluster and cross-reference in order to perform retrieval and browsing.
MyLifeBits supports these operations. The second is using recorded information to home
in on interesting items, and suppress uninteresting or poor items in the record, perhaps to
ensure that they are not even recorded in the first place.

Fig. 10 SenseCam sensor readings plotted [SOA02].

The challenge for user evaluation of such a system is that the simple and short user tests
are inadequate because unless the user has a large volume of truly personal data the
benefits and shortcomings cannot be evaluated. These evaluations were done with only
three full time users, but still the authors expect to add some more users and evaluate.
Passive capture clearly enables scenarios that people are excited about such as event
capture, story-telling, and memory assistance. With the myriad of sensors and cyberevents that may be recorded, the whole will be greater than the sum of the parts by
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allowing us to make real use of both passively recorded information, and intentionally
recorded information.
2.2.3 MyPhotos [SOA03]
MyPhotos is a prototype for home photo management and processing based on timebased clustering. The system provides a natural user interface and a workflow for easy
browsing and searching. Here traditional folders are replaced with a new concept – photo
group. Unlike clustering one photo may belong to many groups. There is no hierarchy for
photo groups although a virtual hierarchy can be generated automatically with the
intersection of two groups. The main features of this system are photo group, photo
import, auto correction, photo calendar, photo auto grouping and relevant photo.
System provides a calendar view of photos to help users to browse and search photos.
The system extracts the EXIF 1 information from the image files and obtains the date and
time information of the digital photos. It is almost impossible to attain 100% accuracy in
auto grouping, hence the result of auto grouping is editable and users can also create their
photo groups based on it.
Also, there is a relevant photo panel to show related photos to a given photo. Three
search methods are implemented for this. The first being to search for the photos taken on
the same day, second being to search for similar scene based photos based on content
based image retrieval (CBIR 2 ), and the third is to show photos of the same person based
on user’s annotation. No user evaluation is done on MyPhotos yet.

1
2

EXIF – Exchangeable Image File format is a specification for image file format used by digital cameras.
CBIR – Content-based image retrieval is the application of computer vision to the image retrieval problem
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Fig. 11 A typical interface page of the MyPhotos system [SOA03]

2.2.4 Clustering in PDAs [SOA04]
A PDA is a portable device with credible processing, storage, connectivity, and display
capabilities emerge as a potential platform that enable users to have their entire digital
photo collection available to them all times.
Two browsers to support large photo collections on PDAs were developed. The system
creates a hierarchical structure of the user’s photos by applying time-based clustering to
identify subsets of photos that are likely to be related. In a user experiment, users’
searching and browsing performance across these browsers, using each user’s photo
collection was compared. Photo collection sizes varied between 500 and 3000
photographs. The evaluation results showed that timeline browser is at least as effective
for searching and browsing tasks as a traditional browser that requires users to manually
organize their photos.
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Fig. 12 BaseLine & TimeLine Browser

Research work remains to be done on this topic. In particular, due to the difficulty in
finding subjects with large digital photo collections, it was unable to ascertain how well
the photo browsers apply themselves to photo collections that comprises upwards of tens
of thousands of photos. It is also unclear that time will continue to be a suitable principle
for organizing photographs if users’ collections span tens of years, rather than just two or
three years. Research is yet to be done when users’ collections grow to a suitable size so
that such studies become feasible.
2.2.5 PhotoTOC [SOA05]
This system helps users find digital photographs in their own collection of photographs.
PhotoTOC mainly uses time as the basic factor for clustering. For cases where the
creation time is missing or corrupts, PhotoTOC uses the order of the photographs plus the
color information in the photographs to identify events. Because digital photographs can
be ordered in time even when the exact creation time is unavailable, adding color
information is sufficient to identify events.
PhotoTOC is a browsing user interface that uses an overview & detail design. PhotoTOC
was tested on users’ own photographs against three other browsers. Searching for images
with PhotoTOC was subjectively rated easier than all of the other browsers.
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Fig. 13 Screenshot of PhotoTOC [SOA05]

An evaluation was done to evaluate the UI of PhotoTOC. It was found that users prefer
folder-based organization of the photos to any other new clustering and also users felt
folder-based clustering to be more familiar than PhotoTOC. Authors think that the lack of
a reliable performance advantage could be due to the limited number of users in the user
study, which limits the statistical power of our comparisons. A strong difference in
organizational behavior was noted between the professional and high-end consumer
photographers and the more casual photographers. Serious photographers, due to their
long history of taking pictures and their large databases of images, have built a
categorical hierarchy that is well-honed and memorized by the user. Casual
photographers had fewer, less well-defined categories. Serious photographers used their
folder system very effectively, with minimal incorrect hypotheses, and would most likely
reject a software tool that did not support their rich folder structure. Casual photographers
are grateful for any sensible organizational guidance the system provides.
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2.3 Study of Tools
From the above given tools, it is clear that there are many options to design a clustering
algorithm. The reason that one of these algorithms could not be considered is that they do
not fully or partially fulfill the requirements quoted by users in the requirement analysis
done by aceMedia. The data available for clustering in the case of aceMedia are also to
be considered.
To recall, the user requirement analysis done by Fraunhofer FIT based on ISO 13407 for
aceMedia produced the following results [see more details in section 3.1.4]:
• Time is the dominant criterion for organizing private photo collections.
• Clustering should be done while uploading images; therefore it should be fast
and computationally simple.
• For clusters, user wants to see what special actions are available
• System should allow annotating several images in one go
• Clustering is needed on mobile devices; therefore it should be fast and
computationally simple
• Users require automatic identification of clusters of images that are very
similar in a timeline sequence of content. [ACM03]
In the case of PhotoCompas or MyLifeBits, special equipments such as SenseCam or a
GPS reader are necessary. But such equipments are not available for all users, and they
do not cluster visually similar photos. Also, MyLifeBits does not cluster along the
timeline. Clustering along the timeline is the dominant criterion in the user results. And in
the case of MyPhotos, the user is given an option to decide the method of cluster himself.
But there is not an option for clustering similar photos without disturbing the time-line,
which is the basis for this project. And in the case of clustering in PDAs, it clusters with a
fixed threshold (like, photos taken in a single month or every 4 months), but we need an
algorithm that clusters visually similar images along the timeline. In spite of all these, the
way in which they have proceeded with their clustering is impressive. Yet, one or many
of the important criteria of the user requirements is not satisfied by these tools.
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The most and important of all the above mentioned tools is PhotoTOC. It is very similar
in its clustering technique to the one necessary for aceMedia. Also, the evaluation they
did on their product is effective.
We have certain criteria / results obtained from the user study done for aceMedia. We
need an algorithm that satisfies those requirements. All the above mentioned algorithms
either lack one or more of the important requirements. The algorithm that is to be
designed should meet the requirements suggested by the users. Such an algorithm is the
aim of this project, to give the user what he needs in a more effective and efficient
manner.
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3 Approach to Solve the Problem
As discussed earlier, users need an algorithm to cluster similar photos without disturbing
the timeline. Three algorithms were considered for this purpose, time-based,
time_and_visual_similarity-based, and visual similarity-based.
In any clustering algorithm, a distance measure determines the eligibility of the elements
to be a part of a cluster. If the distance between two objects is small it indicates that they
are more similar, and if the distance is large it means they are less similar. The definition
for the distance function is highly application-dependant. It may require standardization
or normalization of the attributes. There are certain properties for distance function.
•

The distance between two objects is always a positive integer.

•

The distance between two objects is equal to zero if and only if both the objects
are the same.

•

The distance from object A to B is equal to the distance from the object B to A; it
means that the distance function is symmetric. [CLU02]

The calculated distance in my case is compared with the threshold value to determine the
eligibility of the photos to be included in the cluster. In the case of time-based clusters,
these distance functions are also used to determine the threshold (discussed in section
3.1.2).
3.1 Steps involved in Clustering
The method by which this project proceeds to perform clustering for a given collection of
photo is explained in this section. There are always two main steps in handling a data,
Data Extraction and Data Processing. All steps within a project could be classified under
any of these two topics. EXIF data extraction and Color-Histogramic-Value extraction
come under Data Extraction, while distance calculation, Time-Threshold calculation,
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Color-Histogramic-Mean calculation, Time-Based clustering, and Visual-SimilarityBased clustering come under Data Processing. There are five steps which take us to our
goal. They will be explained in the following section. The table given below shows the
flow of all the three different algorithms under consideration.
Steps Time-Based
01.
02.
03.
04.
05.

EXIF

data

extraction
Threshold
Calculation
Time-Based
Clustering

Time_and_visual_similarity-Based
EXIF data extraction
Threshold Calculation

Visual Similarity-Based
Color-Histogramic

mean

calculation
Visual

Similarity-Based

clustering

Time-Based Clustering
Color-Histogramic mean calculation
for photos within a time-cluster
Time_and_visual_similarity-Based
clustering
Table. 1 Steps involved in three algorithms

3.1.1 Extracting EXIF Data
Digital cameras save JPEG 3 (.jpg) files with EXIF data. EXIF stands for Exchangeable
Image File Format, and is a standard for storing interchange information in image files,
especially those using JPEG compression. Most digital cameras now use the EXIF
format. The format is part of the DCF 4 standard created by JEITA 5 to encourage
interoperability between imaging devices. Camera settings and scene information are
recorded by the camera into the image file. Information such as shutter speed, date and
time, focal length, exposure compensation, metering pattern are stored. The EXIF tag

JPEG – Joint Photographic Experts Group is a commonly used standard for image compression.
DCF – Design rule for Camera File system is a specification for file system of digital cameras
5 JEITA – Japan Electronics and Information Technology industries Association
3
4

33

structure is taken from that of TIFF 6 files. There is a large overlap between the tags
defined in the TIFF, EXIF, TIFF/EP and DCF standards.
In JPEG, segment APP1 holds EXIF data, though EXIF is stored in other Image formats
too. The International Press and Telecommunications Council (IPTC) make
recommendations for a standardized structure to metadata within electronic media. In
Jpeg files, this data is stored in the APPD segment. The Jpeg file format allows for a
variety of custom metadata segments.
Determining the metadata structure, EXIF data is read from the JPEG segment. Of all the
data, we are concerned only about the time when the photo was taken.
3.1.2 Calculating threshold for Time-Based Cluster:
The next step will be to calculate the threshold for a time-based cluster. From the
extracted EXIF data, the time difference between the adjacent photos was calculated. It is
sufficient to consider only the adjacent photos, as the timeline should not be disturbed.
From the calculated time differences, the mean of all these time differences was taken as
the threshold of that particular collection of photos. The threshold for time-based cluster
is dynamic. In this way the threshold will differ for each collection and the size of the
time-based cluster will vary depending upon the threshold, and the size of the visual
similarity-based cluster that is based on the number of images processed within each
time-based cluster also varies.
3.1.3 Calculating Visual Similarity
To determine the visual similarity, the Color Histogram was taken as the aspect of
comparison. A color histogram denotes the joint probabilities of the intensities of the
three color channels (R-red, G-green, and B-blue). The color histogram is defined as
[CLU03]

HR,G,B[r,g,b] = N · Prob{R=r, G=g, B=b}
6

TIFF – Tagged Image File Format is a file format mainly used for image storage
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where R, G and B are the three color channels and N is the number of pixels in the image.
The color histogram is computed by discretizing the colors within the image and counting
the number of pixels of each color. Since the number of colors is finite, it is usually more
convenient to transform the three channel histogram into a single variable histogram.
Given an RGB image, one transform is given by m = r + Nrg + NrNgb, where Nr, Nb and
Ng are the number of bins for colors red, blue and green, respectively. This gives the
single variable histogram
[CLU03]

h[m] = N · Prob{M=m}

A histogram of an image is produced first by discretizing the colors in the image into a
number of bins, and counting the number of image pixels in each bin. This provides a far
more compact overview of the color in an image than knowing the exact value of every
pixel. The color histogram of an image is invariant with translation and rotation about the
viewing axis, and varies only slowly with the angle of view. This makes the color
histogram particularly suited to recognizing an object of unknown position and rotation
within a scene. Importantly, translation of an RGB image into the illumination-invariant
rg-chromaticity space allows the histogram to operate well in varying light levels. The
main drawback of histograms is that the representation is dependent of the color of the
object being studied.

Fig. 14 Color Histogram [CLU04]

The above given figure is one of the representations of color histogram. The
representation of histogram that is considered for this thesis is numeric and not graphic.
For the purpose of visual similarity calculation, the mean of the color histogram was
taken. In the case of the time_and_visual_similarity-based clustering there was not a
necessity to calculate the visual similarity between all pairs of photos; instead the visual
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similarity was calculated only for those photos within a time-cluster (as it is a nested
algorithm of time and visual similarity). The mean of color histogram of the adjacent
photos should be below the threshold (discussed in 3.1.4) to cluster them together.
3.1.4 Clustering based on visual similarity
Having retrieved the mean of the color histogram, the next step is to cluster the photos
based on visual similarity. As discussed earlier, for a time_and_visual_similarity-based
clustering, the clustering based on visual similarity is done only within each time-cluster.
Unlike time-clusters, the visual similarity-based clusters have a fixed threshold. This
threshold was determined empirically. Three collections of photos were processed to
determine this empirical threshold. Also, while designing the UI 7 for the future clustering
tool, an option to change the visual similarity threshold will be given to users. As in timebased clustering, here too only the adjacent photos were considered for clustering. For
every time-based cluster the mean of color histogram was calculated for all photos within
each time-based cluster. The MEAN (∆M) of all this mean-of-color-histogram (mi) was
calculated. If the difference between the MEAN (∆M) and the mean of color histogram
(mi) of a photo was less than the threshold, and if the difference between MEAN (∆M)
and the adjacent photo (mi+1) was less than the threshold then mi and mi+1 were clustered
together as a single cluster. This is the case for time_and_visual_similarity-based
clustering.
To explain the visual similarity-based clustering technique, let us consider ‘n’ photos. Let
m1, m2 …mn be the mean of color histogram for the ‘n’ photos.
∆M = (m1+m2+……….. +mn) / n
For every photo in a time-cluster, if
[ | ∆M - mi | ≤ T] and [| ∆M - mi+1 | ≤ T]
then they are clustered together.
∆M – mean of mean-of-color-histogram
T – Threshold
mi – mean of color histogram for photo ‘i’ (i varies from 1 to n)
7

UI for clusters in aceMedia is yet to be analyzed further. This is not a part of my thesis.
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3.2 Proposed Visualization
During the initial phase of my thesis, visualization of the algorithm was one of the tasks.
Many concepts including that of Pile [VIZ01] were considered. But as discussed by Mary
Czerwinski [SOA05], users prefer the visualization of clustering to be more familiar, as
that of folders. Also, the platform in which this module is to run must be considered.
aceMedia does not need a concept such as Pile. In Pile, the user is provided an option to
just drag and drop the pictures that he considers to be piled / clustered. Such options are
necessary for a system that does not perform an automatic clustering but allow the user to
do clustering himself. And also as per the evaluation results, users need an algorithm
which would cluster the photos automatically without disturbing the time-line and that
are similar.
Summarizing, the representation of the clusters to the user must explain itself that it is a
cluster and that it could be expanded to view all the other photos in that particular cluster
and also that it is possible to annotate the entire cluster at one go. The below given figure
is a representation of cluster and its expected functionalities suggested by FIT.

− Edit

− Expand / Recoil

Fig. 15 Representation of clustering [ACM01]

The aceMedia team wanted the cluster representation to be as given in the figure above.
The cluster should be able to expand (to display all the visually similar images) / recoil
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(to form a cluster). Annotation of the cluster should be possible at one go. Based upon
this idea and the analysis of other cluster-visualization techniques, a new visualization
was proposed by me. The proposed visualization of the cluster is similar to the one given
below.

Fig. 16 Proposed Visualization

This cluster, when double-clicked expands itself to disclose all the similar photos that
were clustered. When the cursor is clicked on some other photo or anywhere other than
the cluster area, the cluster recoils itself. Also, the option to annotate the entire cluster is
also possible by right click of the mouse. But this proposed visualization is yet to be
designed, analyzed further, implemented and evaluated by users, which was not within
the scope of my thesis project.
3.3 Empirical Evaluation
Evaluation involves assessing the strengths and weaknesses of programs to improve their
effectiveness. Evaluation is the systematic collection and analysis of data needed to make
decisions, a process in which most well-run programs engage from the outset. An
empirical result is an experimental observation. An experimental observation of users’
reaction on the results is done in this thesis. The nested algorithm of time and visual
similarity was compared with the algorithms that were based only on time and only on
visual similarity. Two sets of photos, each set containing about one hundred photos, were
considered for this evaluation. The goal of the first evaluation was to find the users’
opinion of clusters in the given collection and to determine the precision to which the
clusters formed by the algorithm match the clusters found by the users. A total of 9 users
were asked to cluster the photo-collection manually, which then later was compared with
38

the clusters found by the algorithms. The goal of the second evaluation was to find out
whether the users find the clusters formed by the algorithms appropriate8 and complete 9 .
And 6 users were asked to assess the clusters formed by the algorithm. Also, their
opinion on the resultant cluster along with a comparative study of all three different
algorithms was analyzed. A detailed report of this evaluation is discussed in chapter 4.
3.4 Software Criteria
This section answers the question: “What do I want from my software?” The main goal is
to identify an appropriate algorithm from the three different algorithms (time-based,
time_and_visual_similarity-based, visual similarity-based). The criteria that must be met
by these algorithms to make it an appropriate algorithm is discussed in this section.
3.4.1 Functional Requirements
The algorithm that is to be designed should have the following functionalities. These
requirements are the result of the evaluation conducted by aceMedia team over four
European countries with 40 users based on ISO 13407 (Human-Centered Design
Process).
The following user requirements have been identified concerning a clustering feature for
photo browsing and management.
Requirement
01.

02.

8
9

Rationale / Comments

Time is the dominant criterion for One user’s images, in their original
organizing private photo collections.
sequence, have a high correlation to this
user’s lifeline, activities and movement,
and personal memories.
Users require automatic identification of Most users have a habit of taking images
clusters of images that are very similar in “bursts”, when something interesting
in a timeline sequence of content.
happens or takes their attention. The
resulting cluster of temporally close

Appropriate - Cluster contains only visually similar photos
Complete – Cluster contains all the photos to be clustered.
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images is highly correlated to an event
(party) or micro event (e.g. one view or
sight, a sunset, one person).
03.

04.

05.

06.

07.

Application should be able to identify After uploading photos, some users will as
duplicate photos.
a first step, look for almost identical
photos, in order to delete them. Warning:
automatic deletion is definitely not
required, unless user agrees.
Clustering should be done while Clustering is most useful if the clusters
uploading images.
become already visible when the user sees
the thumbnail overview of the new
collection for the first time. This is also
the moment when users can most easily
annotate the images, while having a first
look at them and memories are still fresh.
Some users will keep only the best items
of each cluster, to reduce size of their
collections. For this purpose, the
clustering is needed at the earliest possible
moment, i.e. right after uploading the
images.
Clustering is needed on mobile devices; A condensed overview of collections is
therefore it should be fast and even more useful on small screens of
computationally simple.
mobile devices. Speed and simplicity are
important, as well as accuracy of the
clustering compared to a human
understanding of clusters. This may be a
trade-off when choosing an algorithm or
tuning it.
For clusters, user wants to see what User expects the application to recognize
special actions are available.
the clusters in a sequence of uploaded
content, and to be displayed in a special
way with one thumbnail representing the
entire cluster. Actions applicable clusters
should be available, such as annotate
whole cluster, expand/collapse cluster,
select key image represent cluster etc.
System should allow annotating several Entering annotations is perceived as useful
images in one go.
but also as a stupid and time-consuming
task. Users would like to enter annotations
for a batch of content during or after
upload (e.g. for a whole collection, or a
cluster of very similar images).
Table. 2 User Requirements for aceMedia [ACM03]
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From the above given user requirements, the necessities of the algorithm could be derived
as:
•

Timeline should not be disturbed

•

Automated

•

Fast and efficient

•

Computationally simple

3.4.2 Non-functional Requirements
Non-Functional Requirements in Software Engineering presents a systematic and
pragmatic approach to `building quality into' software systems. Systems must exhibit
software quality attributes, such as accuracy, performance, security and modifiability.
However, such non-functional requirements are difficult to address in many projects,
even though there are many techniques to meet functional requirements in order to
provide desired functionality. This is particularly true since the non-functional
requirements for each system typically interact with each other, have a broad impact on
the system and may be subjective [NFR01].
a. Performance requirements
Response time: The time required for the presentation of analysis results to the user.
Memory usage: How much memory is needed to compute the analysis?
b. Resource requirements
External dependencies on other jar files / Eclipse plug-ins: The other pre-requisites
like jar files and libraries that are required to make the tool fully functional. Most of the
tools require eclipse core plug-ins as well as draw2d also.
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External dependencies on other tools / libraries: The other dependencies on other tools
and libraries and some other external jar files required for the purpose of running the
tools properly.
3.5 Use Case
Valid requirements are essential for the success of a project. Use cases provide an ideal
mechanism for capturing functional requirements. According to Bittner and Spence, "Use
cases, stated simply, allow description of sequences of events that, taken together, lead to
a system doing something useful" [UCM01]. Each use case provides one or more
scenarios that convey how the system should interact with the users called actors to
achieve a specific business goal or function. Use case that suits all the below mentioned
clustering techniques is as follows:
Post conditions
1. Success end condition: Collection is clustered
2. Failure end condition: Collection is not clustered
3. Minimal Guarantee: Collection is imported
Primary Actors
1. End User

Main Success Scenario
1. User clicks the OPEN link
2. System opens the browser window
3. User selects the collection to be imported
4. User clicks ok
5. System displays the imported collection with identified clusters

Variations
~5a. Variation 1
1. System indicates the User that the collection is empty
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The Flow Diagram to depict this Use Case will be as follows:

Fig. 17 Flow Diagram for Clustering (General)

The general Use Case Diagram will be as follows:
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Fig. 18 Use Case Diagram for Clustering (General)

3.5.1 Time-based Clustering
Pre conditions
A Collection must exist
Post conditions
Success end condition: Time-based cluster is formed in the collection
Failure end condition: Time-based cluster is not formed in the collection
Minimal Guarantee: Collection is imported
Primary Actors
End User

Main Success Scenario
1. End User opens a collection
2. System indicates that the collection is being clustered based on time
3. System returns to browser mode
4. System displays the collection clustered based on time
5. End User analyzes the clusters
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Extensions
3a. Extension 1
1. System indicates that the EXIF data for the photo is not available
2. Resume from branching step 3.

Fig. 19 Use Case Diagram for Time-based Clustering

Fig. 20 Flow Diagram for Time-based Clustering
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3.5.2 Visual similarity-Based Clustering
Pre conditions
A collection must exist

Post conditions
Success end condition: Visual Similarity based cluster is formed in the collection
Failure end condition: Visual Similarity based cluster is not formed in the collection
Minimal Guarantee: collection is imported
Primary Actors
End User

Main Success Scenario
1. End User opens a collection
2. System indicates that the collection is being clustered based on visual similarity
3. System returns to browser mode
4. System displays the collection clustered based on visual similarity
5. End User analyzes the result
6. End User finds the clustering satisfactory

Extensions
6a. Extension
1. End User changes the Visual similarity Threshold
2. End User refreshes the System
3. Resume from branching step.
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Fig. 21 Use Case Diagram of Visual Similarity-based Clustering

Fig. 22 Flow Diagram for Visual Similarity-based Clustering
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3.5.3 Time-Visual similarity-Based Clustering
Pre conditions: A collection must exist
Post conditions
1. Success end condition: Time-Visual similarity based cluster is formed in the
collection
2. Failure end condition: Time-Visual similarity based cluster is not formed in the
collection
3. Minimal Guarantee: Collection is imported
Primary Actors: End User
Main Success Scenario
1. End User opens a collection
2. System indicates that the collection is being clustered based on visual similarity
3. System returns to browser mode
4. System displays the collection clustered based on visual similarity
5. End User analyzes the result
6. End User finds the clustering satisfactory
Extensions
3a. Extension 1
1. System indicates that the EXIF data for the photo is not available
2. Resume from branching step.
6a. Extension 2
1. End User changes the Visual similarity Threshold
2. End User refreshes the System
3. Resume from branching step.
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Fig. 23 Flow diagram for Time-Visual similarity-based Clustering
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Fig. 24 Use Case Diagram for Time-Visual similarity-based Clustering
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4 Comparison & Analysis of Results
„No theory is complete without proof that the idea works in practice.” And evaluation is
the systematic determination of merit, worth, and significance. Evaluation often is used to
characterize and apprise subjects of interest in a wide range of human enterprises.
Evaluating the effectiveness of research ideas is an important aspect of any work. In
order for computer vision to mature from both scientific and industrial points of view, we
must have valid methods for evaluating algorithms.
Two steps of evaluations were conducted. The first evaluation was to determine the
likeliness of the clusters found by algorithms to that of the clusters found by users. The
second evaluation was to let users assess the appropriateness and completeness of clusters
found by algorithms.
Two real photo collections were used for this purpose. And with these two photo
collections, the two steps of evaluation were conducted. A total of 15 users took part in
these two steps of evaluation. The age varies from 23 to 58. The age distribution and
gender ratio of users used in this evaluation are as depicted below.

Fig. 25 Age distribution & Gender ratio of users

In both of the evaluations, the users were asked for their experience with digital cameras,
as users who use digital cameras are those who will be benefited directly by this
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algorithm and users were also asked for their knowledge of computer usage, as users will
need some amount of knowledge in computers to know about the purpose of this
algorithm.
The way in which the two evaluations were conducted and the results obtained from
those evaluations will be discussed in the following sections.
4.1 Empirical Study – I
The goal of this empirical study is to determine the likeliness of the clusters formed by
the algorithms to that of the clusters found by users, or in other words, the similarity
between the clusters found by the algorithm and to that of the clusters found by users.
As discussed earlier, three different algorithms were considered for this thesis. One based
only on time, another based on a nested algorithm of time_and_visual_similarity, and the
other based only on visual similarity. Two real photo collections were considered; bSeries & k-Series. Each photo collection was processed with each of the algorithm and
the resultant clusters were plotted. Without any information about this knowledge of the
clusters formed by the algorithms, users were asked to cluster the collections.
Users were explained about the motivation and the purpose of this project. The users
were approached in their own work environment. 9 users were used for this evaluation.
Out of these 9 users, 6 are male and 3 are female. The user profiles are as follows:
User Gender Age Range Computer Knowledge Digital Camera Usage
01

Female

16-30

Medium

Very Often

02

Male

31-45

Medium

Moderate

03

Male

16-30

Medium

Rare

04

Male

16-30

Good

Often

05

Female

46-60

Low

Moderate

06

Male

16-30

Good

Often
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07

Female

46-60

Good

Often

08

Male

16-30

Good

Often

09

Male

46-60

Good

Very Often

Table. 3 Evaluation-1 User details

The clusters formed by the users were plotted against the clusters formed by the
algorithms (Appendix A). A measurement was necessary to measure the level of
likeliness between the clusters formed by users and algorithms. Level of likeliness is the
match between the clusters found by the algorithm and the clusters found by users. For
this purpose, the F1 metric was used. The F1 metric is a mathematical calculation that has
two main parameters namely Recall (R) & Precision (P). This is a measurement most
commonly used to calculate the efficiency of retrieval in a database. Recall is the ratio of
the number of items returned by the algorithm to that of the number of items that the user
expects to be returned. Precision is the ratio of number of items returned by the algorithm
to that of the number of items that are relevant to user’s expected items. As there existed
no ground truth, each cluster of the user was considered as a ground truth and the
calculation was done.
The two main parameters in F1 metric are R and P.
P (precision) = Number of same images in both clusters
Number of images in the cluster found by algorithm
R (recall)

= Number of same images in both clusters
Number of images in the cluster found by user

F1 = 2 * R * P / (R+P)
The F1 metric was calculated for every cluster found by the user as it was considered as
the ground truth; it is the cluster that a user would expect to be found by the algorithm.
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F1 metric for one algorithm was compared to the corresponding values of other
algorithms. The result is as given in the table below.

Time (%)
P = 72.28
User 1 R = 98.08
F1 = 80.87
P = 84.17
User 2 R = 98.89
F1 = 86.43
P = 85.02
User 3 R = 96.15
F1 = 88.69
P = 90.86
User 4 R = 100
F1 = 94
P = 88.64
User 5 R = 98.58
F1 = 92.12
P = 87.69
User 6 R = 100
F1 = 91.85
P = 64.02
User 7 R = 100
F1 = 76.23
P = 80.38
User 8 R = 95.71
F1 = 85.22
P = 75.76
User 9 R = 100
F1 = 79.4
P = 80.98
Mean R = 98.60
F1 = 86.09

F1 Metric : b-Series
Time_and_visual_similarity
(%)
P = 67.44
R = 86.54
F1 = 73.63
P = 71.11
R = 78.89
F1 = 73.52
P = 77.82
R = 79.26
F1 = 76.86
P = 94.46
R = 94.46
F1 = 94.17
P = 92.25
R = 93.05
F1 = 92.14
P = 87.72
R = 94.74
F1 = 91.11
P = 69.55
R = 96.02
F1 = 74.94
P = 79.95
R = 94.22
F1 = 84.70
P = 74.95
R = 95
F1 = 78.46
P = 79.47
R = 90.24
F1 = 82.17
Table. 4 F1 Metric for b-Series
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Visual similarity (%)
P = 49.32
R = 84.94
F1 = 57.55
P = 54.57
R = 77.95
F1 = 65.52
P = 60.39
R = 83.22
F1 = 64.01
P = 66.36
R = 86.1
F1 = 75.19
P = 66.82
R = 88.18
F1 = 71.87
P = 67.05
R = 90.35
F1 = 73.01
P = 55.43
R = 65.15
F1 = 59.178
P = 64.24
R = 76.81
F1 = 70.46
P = 52.61
R = 64.75
F1 = 59.76
P = 59.64
R = 79.72
F1 = 66.28

Time (%)
User 1
User 2
User 3
User 4

User 5

k-Series
Time_and_visual_similarity
(%)
P = 84.21
R = 97.36
F1 = 88.37
P = 76.17
R = 95
F1 = 82.54
P = 76.67
R = 95
F1 = 83.00
P = 80.13
R = 96.15
F1 = 85.83

P = 78.45
R = 100
F1 = 84.37
P = 72.39
R = 100
F1 = 80.22
P = 72.90
R = 100
F1 = 80.63
P = 77.82
R = 100
F1 = 84.91
P = 69.86
P = 71.16
R = 100
R = 91.18
F1 = 79.10
F1 = 78.00

P = 71.15
User 6 R = 100
F1 = 79.39
P = 68.28
User 7 R = 90.56
F1 = 73.10
P = 66.72
User 8 R = 98.24
F1 = 74.43
P = 73.49
User 9 R = 82.91
F1 = 74.82
P = 72.34
Mean R = 96.86
F1 = 79

Visual similarity (%)
P = 64.24
R = 92.10
F1 = 69.60
P = 43.88
R = 90
F1 = 54.53
P = 42.18
R = 90
F1 = 52.83
P = 50.4
R = 84.61
F1 = 58.36
P = 52.53
R = 84.29
F1 = 57.02

P = 80.51
R = 96.15
F1 = 86.43
P = 68.26
R = 88.45
F1 = 72.73
P = 69.62
R = 98.24
F1 = 77.02
P = 74.24
R = 78.8
F1 = 73.76
P = 75.66
R = 92.93
F1 = 80.85

P = 58.12
R = 87.15
F1 = 66.54
P = 52.11
R = 88
F1 = 61.32
P = 44.96
R = 88.58
F1 = 54.85
P = 58.74
R = 87.05
F1 = 66.52
P = 51.91
R = 87.98
F1 = 60.17

Table. 5 F1 Metric for k-Series

From b-Series the F1 metric has a mean of 86.09, 82.17, and 66.28 for only time based
algorithm, time_and_visual_similarity, and only visual similarity based algorithm
respectively. For k-Series it is 79, 80.85, and 60.17 for above mentioned order of
algorithms. It is evident from both sets of collection that the algorithm based only on time
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and the algorithm based on the nested algorithm of time_and_visual_similarity has
approximately the same value. And also, that the algorithm based on only visual
similarity has a very vast difference from that of the other two algorithms. It is clear that
the algorithm based only on visual similarity could not be used for this purpose. It is also
evident that the recall is high in both cases.
From the above done evaluation it is clear that the algorithms based only on time and the
one based on time_and_visual_similarity can be used. Yet, we need another evaluation to
determine whether users accept the clusters formed by the algorithms, as user satisfaction
is more than just a measurement.
4.2 Empirical Study – II
From the earlier empirical study it is clear that the appropriate algorithm could be either
of the two algorithms involving time as one or only criterion. So, the second evaluation
was to give the users the clusters formed by algorithms (time-based and
time_and_visual_similarity-based).
6 users were involved in this evaluation. They were explained about aceMedia, the
necessity of my project, and the purpose of this evaluation. Users did the evaluation in
their work place. The user profile are as given below:
User Gender Age Range Computer Knowledge Digital Camera Usage
01

Male

31-45

Medium

Rare

02

Female

16-30

Moderate

Very Often

03

Female

31-45

Good

Moderate

04

Male

16-30

Good

Often

05

Male

16-30

Good

Often

06

Male

16-30

Good

Often

Table. 6 Evaluation-2 User details
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As it is evident, the measurements from the first evaluation show that the algorithm
involving time as one or only criterion was more appropriate than the visual similaritybased algorithm. Users were asked to answer the questions of pattern YES / NO, as it will
be helpful in determining the appropriate and complete clusters.

Fig. 26 Evaluation-2 Sample

From these answers another measurement was made to calculate the percentage of [HIT /
MISS], and [COMPLETE / INCOMPLETE] clusters. Appendix B has the document
showing the way this evaluation was done.
HIT means that the cluster formed is appropriate, while the MISS is the opposite of HIT.
COMPLETE cluster means that the cluster formed has included all the images that need
to be included and that none of the neighboring images need to be included in the cluster,
while INCOMPLETE cluster is the opposite of COMPLETE cluster.
In the above given figure, if the user is to answer YES for the first question the value of
“A”: indicating APPROPRIATE cluster; is increased by 1, else value of “IA”: indicating
INAPPROPRIATE cluster; is increased by 1. This indicates that the user finds the cluster
appropriate or inappropriate. And if the user is to answer YES for the second question,
the value of “C”: indicating COMPLETE cluster; is increased by 1, else the value of
“IC”: indicating INCOMPLETE cluster; is increased by 1. At the end, the means of
individual variables were calculated and eventually the percentage value.
This evaluation was done with 6 users and 2 sets of collection. The calculation tables for
the above mentioned parameters are given below.
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User 1

User 2

User 3

User 4

User 5

User 6

Mean

Evaluation 2 : b-Series
Time_and_visual_similarity
Time (%)
(%)
A = 93.55
A = 96.15
IA = 6.45
IA = 3.85
C = 93.1
C = 73.08
IC = 6.9
IC = 26.92
A = 83.87
A = 96.15
IA = 16.13
IA = 3.84
C = 92.31
C = 92
IC = 7.69
IC = 8
A = 87.1
A = 88.46
IA = 12.9
IA = 11.54
C = 85.12
C = 95.65
IC = 14.88
IC = 4.35
A = 87.1
A = 88.46
IA = 12.9
IA = 11.54
C = 100
C = 95.65
IC = 0
IC = 4.35
A = 87.1
A = 92.15
IA = 12.9
IA = 7.85
C = 85.12
C = 84
IC = 14.88
IC = 16
A = 87.1
A = 82.77
IA = 12.9
IA = 17.23
C = 88.89
C = 90.47
IC = 11.11
IC = 9.52
A = 87.64
A = 90.69
IA = 12.36
IA = 9.31
C = 90.75
C = 88.48
IC = 9.24
IC = 11.52

Table. 7 Measurements for Evaluation-2 of b-Series

A = Appropriate Clusters, IA = Inappropriate Clusters
C = Complete Clusters, IC = Incomplete Clusters
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User 1

User 2

User 3

User 4

User 5

User 6

Mean

Evaluation 2 : k-Series
Time_and_visual_similarity
Time (%)
(%)
A = 84.21
A = 90
IA = 15.79
IA = 10
C = 87.5
C = 85.21
IC = 12.5
IC = 14.79
A = 84.21
A = 80
IA = 15.79
IA = 20
C = 87.5
C = 87.5
IC = 12.5
IC = 12.5
A = 78.95
A = 75
IA = 21.1
IA = 25
C = 73.33
C = 73.33
IC = 26.67
IC = 26.67
A = 100
A = 95
IA = 0
IA = 5
C = 52.63
C = 52.11
IC = 47.37
IC = 47.89
A = 94.74
A = 95
IA = 5.26
IA = 5
C = 72.22
C = 78.11
IC = 27.78
IC = 21.89
A = 84.21
A = 95
IA = 15.79
IA = 5
C = 62.5
C = 63.16
IC = 37.5
IC = 36.84
A = 87.72
A = 88.33
IA = 12.28
IA = 11.67
C = 72.61
C = 73.24
IC = 27.39
IC = 26.76

Table. 8 Measurements for Evaluation-2 of k-Series

A = Appropriate Clusters, IA = Inappropriate Clusters
C = Complete Clusters, IC = Incomplete Clusters
From the above given tables it is clear that the percentage of appropriate clusters is very
high. Also, the percentage of appropriate clusters in time-based clustering is
approximately equal to time_and_visual_similarity-based clustering in both the
collections.
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The results from both the evaluations for both the algorithms that are based only on time
and based on time_and_visual_similarity are approximately equal, which means that
either one of these algorithms suit the user requirements found in the user study done on
aceMedia. Now, the factors such as response / execution time have to be considered to
decide upon the appropriate algorithm for clustering similar images without disturbing
the timeline and satisfying the other criteria mentioned by users.
The next task will be to determine the execution time / response time for both the
algorithms. The execution / response time for time-based algorithm is less than the nested
algorithm of time_and_visual_similarity based algorithm. Considering the found results,
the appropriate algorithms can be allotted to specific systems based on their hardware
configuration and their usage by the user.
Upon recalling the user requirements obtained from the evaluation done for aceMedia
based on ISO 13407, the following criteria are the most dominant:
• Time is the dominant criterion for organizing private photo collections.
• Clustering should be done while uploading images; therefore it should be fast
and computationally simple.
• For clusters, user wants to see what special actions are available
• System should allow annotating several images in one go
• Clustering is needed on mobile devices; therefore it should be fast and
computationally simple
• Users require automatic identification of clusters of images that are very
similar in a timeline sequence of content. [ACM03]
If we are to consider the above given important requirements, both the algorithms satisfy
not all the requirements. If we are to consider the time based algorithm, it does satisfy the
requirements 1, 2, & 3, but when the factor “similar photos” is considered, the
effectiveness of time-based algorithm is not as high as that of the nested algorithm of

60

time_and_visual_similarity. But still the clusters formed by time-based algorithm are
found to have similar photos. If we are to go in for precision, then I would go in for the
nested algorithm of time_and_visual_similarity. In the time-based algorithm, sometimes
one or two photos are clustered that seem not visually similar. Some users found this still
appropriate, but more precision is required by some other users.
For example, let us consider the following cluster:

.

Fig. 27 Time-based cluster

In the above time-based cluster, the first image could be considered as the “odd-manout”. But still most users found it to be part of the cluster. When they considered the
other images, the “oddness” of the first image is suppressed by the dominancy of the
other similar images. Users’ argument was that the first image was also taken during
dusk, with a part of the tree present in that picture.
Yet, some users found that to be odd. They do accept that the above formed cluster is
appropriate, but they look in for precision. The above given cluster when processed with
the nested algorithm of time_and_visual_similarity, the result would be as follows:
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Fig. 28 Time_and_visual_similarity based cluster

In the above given cluster of images, it is evident that the first image is missing.
And if we are to consider the other algorithm that is based on time_and_visual_similarity,
it too has some drawbacks. The hardware and the memory requirements for it to be
executed are such that it is not compatible with mobile platforms. Also, the execution /
response time for the nested algorithm of time_and_visual_similarity is more when
compared with that of time-based algorithm. The response time for time-based algorithm
was

2125

milliseconds

for

a

collection

of

142

photos.

And

for

time_and_visual_similarity-based clustering it is 16344 milliseconds for the same
collection of 142 photos. From my experience and also from that of some users whom I
know, users tend to wait sometime more in front of a computer than in front of a PDA or
any mobile for that case. For example, user can wait any considerable amount of time in
front of my system while his word document is being converted to a PDF file, or when
Picasa (a photo organizer released by Google) detects photo collections from his system,
or when a file is being uploaded on to a server. But if it comes to his mobile / PDA, he
wants everything to be fast. He does not want to wait after he presses OK button in his
mobile. Upon considering that, for mobile devices time-based algorithm is best suited.
Time is a critical criterion while uploading photos on to aceMedia too, as the first
overview should already be clustered.
As both the algorithms produce almost similar results, they could be used accordingly
such that their pros are dominant suppressing their drawbacks. Time-based clustering
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algorithm could be used for mobile platforms while the nested clustering algorithm of
time_and_visual_similarity could be used for computers.
Also, (as shown in APPENDIX B) users were asked the following questions:

Fig. 29 Final Evaluation questions asked to users

5 out of 6 users answered that clustering similar photos was “very useful” and 1 out of 6
users answered that clustering similar photos was “useful”. All of 6 users answered that
browsing the collection will be made easier by clustering and that annotating image will
be made easier if user can annotate the clusters in one go. This was another confirmation
of the already identified user requirements.
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5 Conclusion & Outlook
The motivation for this project is the requirement analysis done for aceMedia following
the recommendations of ISO 13407, across four different European nations with nearly
40 users of all ages between 18 to 66 and the evaluation done by Fraunhofer FIT to
improve the visualization of aceMedia. Three algorithms were chosen that would satisfy
the users’ requirements. One based only on time, the other based on the nested concept of
time_and_visual_similarity, and the last one based only on visual similarity. To calculate
the visual similarity, the method of color-histogram was used. Two different real-time
collections “b-Series” and “k-Series” were used for study & evaluation purpose. Two
different evaluations were done on these three different algorithms. The first evaluation
was to compare the clusters created by each of the three algorithms to the clusters found
by users. To calculate the likeliness of the clusters formed by the algorithm with that of
the clusters that users found, the F1 metric was used. And the second evaluation was to
let the users assess the clusters formed by the algorithms.
From the above done evaluations, it was evident that both time-based approach and the
nested algorithm of time_and_visual_similarity approach had approximately equal
values, given the approach to find the visual similarity is color-histogram method and the
time interval to determine a time-cluster is dynamic. And also, upon considering the
execution/ response time, an algorithm could be used that is most appropriate for the
hardware it is loaded on to. The time-based algorithm could be used when there is a
limitation of hardware availability and execution / response time is the most important
criterion. And the nested algorithm of time_and_visual_similarity could be used when
there is no limitation of hardware availability and precision along with speed is an
important criterion.
The lack of a reliable performance advantage could be due to the limited number of users
in the user study, which limits the statistical power of the comparisons.
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In the content-based image comparison, the color histogram serves as an effective
representation of the color content of an image if the color pattern is unique compared
with the rest of the data set and it is easy to compute and effective in characterizing both
the global and local distribution of colors in an image. But even a slight disturbance, such
as a small shake in the camera or a small disturbance in the light, affects the histogram
drastically. But, with the appropriate use of algorithm (discussed in 3.1.4) this effect
could be turned productive. The algorithm used for time_and_visual_similarity-based
clustering was not used in visual similarity-based clustering. In visual similarityclustering, the adjacent photos were checked for visual similarity using Histogramic
mean as the distance. This is the reason for the erratic clustering in visual similaritybased clustering.
Automatic organization is a practical management technique for personal photographic
collections. It is not adequate to simply design automatic organization algorithms in a
vacuum [SOA05]. Any automatic organization algorithm development must be coupled
to iterative interface design and user studies in order to be truly useful. Hence an
appropriate visualization should be done for the cluster representation and evaluated.
Manual photo organization is a chore that many photographers dislike [SOA04]. The
experiments described in this paper make me optimistic that significant progress can be
made towards helping users with their photo mess.
Content-based image retrieval uses the visual contents of an image such as color, shape,
texture, and spatial layout to represent and index the image. As a future work, the visual
similarity comparison could be done with any one of these visual contents. And a
comparative evaluation could be performed on these different approaches to calculate the
visual similarity still considering the earlier mentioned user requirements.
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Appendix B

(Evaluation 2 Report)
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User Evaluation for “Clustering Photos to improve the Visualization of Collection”
User ID:
Age:
Gender:
Digital Camera Usage:

#1

Computer Knowledge:

01.

02.

03.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

04.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

05.
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06.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

07.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

08.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

09.

Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

10.
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11.

12.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

13.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

14.

15.

16.

17.

18.

19.
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20.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

21.

22.

23.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

24.

25.

26.
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27.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

28.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

29.

30.

Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

31.

32.
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33.

34.

35.

36.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

37.

38.

39.

40.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?
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41.

42.

43.

44.

45.

46.

47.

48.

49.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

50.
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51.

52.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

53.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

54.
Do you think the cluster is appropriate?
If the answer for the above question is YES:
Do you think any of the adjacent photos to this cluster should be included in this
cluster?
Can you specify the number?

Do you think clustering similar photos is useful?
Do you think browsing the collection will be made easier by
clustering?
Do you think annotating images is made easier if user can annotate
the clusters in one go?
Comments:
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