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1 Introduction

The primary function of photography is to capture our family life, and to
bind us to our own pasts and to the pasts of our social groups [10]. De-
spite the purpose of a personal collection of photos, it’s undeniable that
technological evolution enabled a change of habits. Some years ago it was
necessary to have a camera with us to take a photo. In those times, most
of the photos depict some important events in family life. Nowadays, al-
most everyone carries digital devices with video and photo capabilities.
For example, cell phones have been transformed beyond their primarily
function, into small media devices, with increasing photo and video qual-
ity. According to a Kodak study [18], the worldwide penetration of such
devices is nowadays larger than 90%. Those devices democratise the pro-
duction of media, but, more important, they transform the action of tak-
ing a picture into a habit. Today, personal photo collections include much
more photos related to the day life. We are in the pervasive imaging era.

However, photos are difficult to interpret outside the context where they
were taken. In fact, the meaning of each photo is closely related with the
purpose of the shot. Kindberg et al. [14], defines a taxonomy of reasons
for image capture. There are two main categories, Affective and Func-
tional, each one subdivided into reasons of social or individual consider-
ation. Thus, it is necessary to complement the photo with information
about the context, that, to some extend, only the photographer knows.
Emotions and non-visual contextual information can be very important to
complete the context. The insertion of metadata in photos can span several

moments:
¢ The moment the photographer take a shot
¢ In the catalogue process

* During image retrieval



When we talk about the context of a photo, we generally mean four impor-
tant axis: “who”, “where”, “when” and “what”. They describe something
(“what”) that happens at a given time (“when”) and place (“where”), gen-
erally with people involved (“who”). However, the “who” is related with

the entity depicted, that can be a person or, for instance, a monument.

Some of the information needed to complete the context is impossible, or
at least very hard, to automate. First, there are some concepts that have
few, or none, visual clues; second, there is no direct connection between
the high-level concepts needed for the context and the low-level features
present in the photos [13, 22]. Thus, the user should contribute with hand
made annotations to support a proper context recall when it is necessary
(e.g. during retrieval of relevant images). The first time users have the
opportunity to insert new metadata is during the catalogue process. How-
ever, annotating each photo is not an option, due its time-consuming na-
ture. This pose an interesting challenge to researchers on how to motivate
users to do it [11, 15, 25]. Knowing beforehand that some photos share a
similar context, they can be group, enabling the insertion of metadata in

batches. This reduces the manual labour [6, 26].

1.1 Events and rolls

Some of the photos we take are just fragments of trivial moments of every-
day life, whose importance, as a document of our memories, is dubious.
Those shots are impulses to capture the moment because we have, for in-
stance, a cell phone in our back pocket. However, taking a photo is still,
most of the time, an action with a purpose, and a shot generally takes part
of a set that is used to document an event. Those are the ones we want to
share among friends and family.

Despite the context of a photo could be described by the four axis men-
tioned earlier, we will focus our attention to the time axis, owing to its
importance. An event occur in a specific time period, with fuzzy limits,

since it can span several minutes, hours, or even days. In fact, events em-
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body the seasonality that is present in our life. They are controlled by the
natural cycles of days and years, but also by the rhythm of the weekly cy-
cle, with more social meaning than the formers [29]. Notice that time is

one of the most important dimensions of the social world [28].

Life-Cycles
Episodes
m /\
Q
] Episodes Episodes
©
(]
(%]
— Event Event Event >
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> .
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<
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':E Memento Memento Memento Memento
Image Level

Figure 1: Overview of a possible event structure.

Despite the events follow a timeline, their representation do not need to
be flat. In fact, they can be organised hierarchically, as illustrated by fig-
ure 1. This representation does not try to promote an alternative way to
visualise the events - it just exposes some of the underlying cycles that
govern our lives. We call base events to those represented in the timeline,
which are derived from the photos taken during a day cycle. Usually, one
day accommodate several events. Those events are sometimes part of a
more broad activity that follows another cycle, generally the week. One
example of such an activity is the summer vacations. The higher levels of
the hierarchy represent those activities, and are named episodes. Since the
number of cycles are limited to day, week, month and year, the number of
upper levels is small. The semantics associated with such episodes is more

difficult to infer from the context that is extracted from the photos, includ-
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ing the image itself. On the bottom of the hierarchical representation, we
have a division of the events, into fine grain groups that share similar im-
age content, that we will refer to as mementos. The refinement uses the
available features present in the metadata or stemmed from the image con-
tent itself, but keeps time locality. The arrangement into fine grain groups
resemble the notion of photo stacks, available is some professional photo
management software [1, 3]. Again, the deepness of this hierarchy is small.

When users take photos, they leave in the support medium a set that spans
different periods in time and depicts several social and personal moments.
Sometimes this set of assorted photos (p;, ..., p,) is referred to as a roll.
Despite their variety, during the catalogue, rolls can be divided in several
subsets, where each represents a different event. The division is made, ei-
ther manually by the user, or automatically based on the metadata of each
photo. In fact, we can look to the photos tuples (¢, g,i,...), where each
element has a specific type of information inserted by the camera in the
moment of the shot. As an example, we have the creation time ¢ of each
photo, the GPS coordinates g of the place where it was taken, the ISO level
i used during the shot, just to name a few.

Despite the variety of metadata available, the segmentation of a collection
of photos is, at its core, a time segmentation problem. The minimum re-
quirement to divide a roll is that each photo is timestamp with its creation
time. Later, other types of metadata, namely, GPS positioning, can be used
to fine-tune the boundaries of each event.

Knowing that is important to have automatic or semi-automatic tools that
aid users in the organization of their digital photo collection, this docu-
ment describes an algorithm that segment a collection of photos using
their creation time. It is supported by two base assumptions. The first
admits a bursty nature of the shots by the photographer [8]. This means
that after a period of massive shooting, comes a period with no photos.
Those empty time-slots acts as separators of events. The second assump-

tion is that modern civilisation temporal regularities influence the creation
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of photos. The capture of these regularities allows an approximation to the
real events. Among them, the daily cycle is subject to a special concern,

with an approach never used in this context, as far as we know.

1.2 Organization of the document

The document is organised as follows. Section 2 describes the segmenta-
tion problem and presents a formal definition of the concepts involved. It
also indicates how the segmentations can be summarized, using numeric
indicators and visual information. The algorithm of segmentation is then
specified in section 3. Section 4 describes the testing of the algorithm. It
focused on the collections used, the methods applied and the results. Sec-
tion 5 present some of the work done in the field, viewed through the for-
malism developed in section 2. Finally, section 6 draws some conclusion

and points out future work.






2 The segmentation problem

In this section, we formalise the notions of segments, segmentations, and
a set of relations between them. Those formal definitions will support the

comparison of different segmentations for the same set of photos.

Given a set of photos, let us denote by T the ordered set of their creation

time, represented as (ty, 1, ..., t,), such
Vi,jeIN,Vt,t; €T,i,j<|T|:i<jet<t (2.1)
where IN is used as a index set. In this section, we will use the the subscript

letters i and j to denote the indexes of T'.

Definition 2.1 (successor in T). An element t; € T is the successor of t; €

T, denoted by (t;)~ = t;, when there is no element in T between t; and t;, such
Vl,j EN,VI,‘,IJ'ET Ili+1:tj<:>i—|-1:j (22)

The elements of T can be arranged in the form of non-empty, contiguous

sub-sequences of T, leading to the notion of segment.

Definition 2.2 (a segment). A segment, denoted by s = [t~,t™], is a non-
empty, contiguous, sub-sequence of T. t~ is the lower limit of the segment and
1% is the upper limit, where t~ < ¢+, holding

VieT it <t;<tT otes (2.3)

Definition 2.3 (element of a segment). An element t € T, is an element
of a segment s = [t~,t1], denoted t € s, ifand only ift— <t <1t
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Notice that a segment can be singular, when 1~ = ¢, and can be equal to
T,when (™ =t; and t* = #7). From the definition of a segment, it is easy
to see that two segments s, and s, are equal when both of their limits are
equal, f; = t; and ;" = t;". We will denote this relation by the symbol =.
For simplicity, to represent —(s; = s,), we will use the symbol #.

To ease the understanding of the upcoming definitions, we will use three
segments of T, defined as s; = [t7,4;7], 52 = [t5,t ] and 53 = [t5,15"].

2.1 Proposition (properties for the equal relation):
The equal relation is reflexive, symmetric, antisymmetric and transi-

tive.

Since the demonstration of those properties are trivial, we will leave it to

the reader.

Definition 2.4 (precedence relation). Let < bea order relation defined over
T and two segments sy < s,, where any element of sy is lower than t; . We say

that s, precede s, or s, succeeds s; when

Vs1,80 1 81 <8, &t <ty (2.4)

2.2 Proposition (properties for the precedence relation):

The precedence relation is irreflexive, asymmetric and transitive.

PROOF The proof of irreflexive property is trivial, so it is left to the reader.
Let s1 < s = —(s2 < s51). Now assume that s; < s, As, < s7 is true.
From (2.4) we know that ;¥ < 15 At < ¢. This means there are elements
between t;” and ;" that are shared between both segments, which contra-
dicts definition 2.4, proving the asymmetric nature of the relation.

Finally, if s; < s2 Asy < s3 then, from (2.4), we get that 1;F <1; At <13
From (2.3), if t; < ;7 thus t;7 < t;, which is the same as s; < s3. This

proves the transitivity for the relation. n



Definition 2.5 (contained segments). A segment s, is contained in s,

denoted by T, when all elements of s, are also elements of s,

Vs1,82 : Sa 51 & 851 #santy <t At >t (2.5)

2.3 Proposition (properties for the contained relation):

The contained relation is irreflexive, asymmetric and transitive.

PROOF The irreflexive property is a direct consequence of (2.5), since the
contained relation does not contemplate the equal case. Therefore, — (s; C s1)
is true, for any segment s;.

We will prove the asymmetry, s, T 51 = —(s1 T s2), by contradiction. Let
us assume that s, T s; A5y T s2. From (2.5) we can rewrite (f; <17, A t1+ >
YAy <ty Aty > ) A (st # s2). t7 <ty and t; < ] are true, if
and only if f7 = #;. Also, t;7 > t; and t;7 > ¢]" are true, if and only if
t{7 = t;*. In this situation, s; = s,. This resultin s; = s, A s; # s, which is
a contradiction.

Let us demonstrate the transitive property. If s, T s; A sy T s3, by (2.5)
we can rewrite as (t; < t; At] > LAy < 7 Aty > 1) A (s #
$2) A (s1 # s3). Since the relation < is transitive, ;7 < t; At; < t;{, means
t3 < t;. Using the same principle, 1;7 > ;- A" > ¢ led to 15" > 1. So, if

t7 <t; At§ >t} holds, we say that s, C 53, proving the transitivity. — m
3 2 N3 2 y p g y

Definition 2.6 (a segmentation). Given T, a segmentation S is a non-empty
ordered set of segments from T, denoted by S = {s, = [t,,t]]: 17,1} € T},
where a is the index of a segment in the segmentation. For every segmentation,
the following properties hold:

(i) The first element (lower limit) of the first segment is always the first
element of T, t] =t

(ii) The last element (upper limit) of the last segment is the last element of T,

+
lis| = Ur|



(iii) The last element of a segment and the first element of the next segment
are successor elements in T, (t;)” = t,,,, wherea € [1...|S|—1]

From this point forward, the subscript letters a, b and ¢ will denote the
index of segments in segmentations. The cardinality of a segmentation S
ranges from 1 to |T|. In the first case, = = 1, and 1 = 7). In the later, S

contains only singular segments.

Lemma 2.1 (precedence relation). Vs,, s, € S1 : Sq < 5p V Sp < 8g

PROOF Lets choose a segment s, from S. Now, every other segment we
may choose, lets say s3, contains elements that are greater or lower than
the ones from s,, because segments from a given segmentation do not
share elements. From the definition 2.2, we know that if they are greater,
then ¢t < t,. From from (2.4) this is the same as s, < s5. Otherwise,

1,7 <1ty orsp < Sa. -

2.1 Relations between segmentations

Once the notion of segmentation is properly defined, we will present a
series of binary relations that support the comparison between two seg-
mentations. The only requisite to this comparison is that they are defined
over the same 7'. We start by showing the possible scenarios that arise
from a comparison, present in figure 2 to figure 6. Each one is a represen-
tation of a binary relation, where the rectangles represents the timestamps

range of a segment.

Figure 2: Equal segmentations
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Figure 2 shows two equal segmentations S; and S,. They segment T in

the same segments, so their cardinality is equal.

Definition 2.7 (equal segmentations). Two segmentations S, and S, are
equal, denoted by S1 = S, when all the segments at the same index, are

equal. Thus

Ya,b € N,Vs, € S1,Vsp € Sp,a <|S1|,b <|S2| :a=b = s, =sp

(2.6)

Lemma 2.2. IfSl = S2 then |S1| = |S2|

PROOF Lets assume that S = S, A [S1| # |S2]. If |S1] < |S2], then the
elements of T are distributed through less segments. This makes impossi-
ble to have all segments equal at the same index. The same happens in the
opposite case. Thus, when §; = S, the distribution of the elements of T

in segments must be the same, making |S;| = |S|. n

2.4 Proposition (properties for the equal relation):
The equal relation, defined between segmentations, is reflexive, sym-

metric and transitive.

Since the demonstration of those properties are trivial, we will leave it to
the reader. For simplicity and clarity, we will denote the —(S; = §,) as
S1 # S.

Figure 3: Refined segmentations
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Figure 3 illustrates the situation where one segmentation, S, is a refine-

ment of another, S;.

Definition 2.8 (refinement relation). Let S; and S, be two segmentations
of T. S, is said to be a refinement of S, denoted by S, < Sy, when each
segment of S, is equal or contained in one segment of Sy, thus

Vsp € 85,3, € 81,81 # Sy ¢ Sa =55V Sy C Sa (2.7)

For simplicity and clarity, we will denote the —(S, <1 S;) as S> 4 S;.

Lemma 2.3. Since the refinement relation means a fine grain division of T, if
S2 < Sl, then |Sz| > |S]|

PROOF If S, < Sy then from (2.7), S, # S, then at least one segment of S2
is contained in one segment of S;. This means that one or more segments
of S, have at least one less element than a segment of S;. Otherwise (2.7)
will not hold. Thus, this element must be in another segment of S,. This
means the elements from s, are split in at least two elements of S,, making

|S2| > 1+ |S1], proving the lemma 2.3. n

2.5 Proposition (properties for the refinement relation):

The refinement relation is irreflexive, asymmetric and transitive.

Let demonstrate those properties.

PROOF The demonstration of the irreflexive property is straightforward.
Lets assume that S; < S is true. From lemma 2.3 we get [S;| > |S;| which
is a contradiction, since the cardinality of a segmentation cannot be greater
than itself.

We will demonstrate the asymmetric property by contradiction. Let S, <
S1 AS1 < S be true. Using lemma 2.3, we can rewrite |Sz| > |S1| A |S1] >
|S2|, which is a contradiction, because a value cannot be simultaneous
greater and lesser than some value. So it proves the asymmetry of the
relation, S, <1 S1 = —(S; < 85).

12



Finally, the demonstration of the transitive property. Let S < S1 A S; < 53
A S, 4 S3 be true. Let s, be a segment from S, s be a segment of S5, and
sc a segment from S3. From (2.7), we know each segment of S, is equal
or have its limits within the limits of one segment of S;. The same hap-
pens between S; and S;. Thus, we can rewrite (t; < t; At;” < tF)A
(t; <t; Antf <tF)YA(@; =1, v, > t}). Since the relations < and >
are transitive, 1, < t; At < P At7 > 1y Vi, > 1. The expression is
trueif and only if 7, =1, At} = ;7. But this is in contradiction with (2.7),

because S, and S5 cannot be equal. So, it is proved that the refinement

relation is transitive. -
S1 | LT ]
S L1 1T [ [ |
Time

Figure 4: Compatible segmentations

Figure 4 represent the case of two compatible segmentations.

Definition 2.9 (compatible segmentations). Let S; and S, be two segmen-
tations of T. S; and S, are compatible, denoted by <, when they are not
equal, nor one is a refinement of the other, but is possible to divide them in
such a way that at least one subset of each is a refinement of the other, holding

Vs, € S1,Ysp€8,,teT :

LESGANLESy =S =5p VS CspVsy Cs, (2.8)

2.6 Proposition (properties for the compatible relation):

The compatible relation is irreflexive and symmetric.

13



PROOF Le us assume that S; < S is true. From definition 2.9 we know
that, at least, there is one segment from the first segmentation that is con-
tained in another of the second segmentation. However, from (2.5) we
know that two equal segments are not contained in each other. Then,
S1 s S is false, since we are comparing the same segmentation. That
is, the relation is irreflexive.

From definition 2.9 we know also that each segmentation share a common
restriction: that some segments are a refinement of the other. This duality

and the fact that all other segments are equal, make the compatible relation

symmetric. [
S, | [T T ]
52 | | | | [ ] |
S,
—
Time

Figure 5: Illustration of the non-transitive nature of the compatible
relation

Given the former definition, the compatible relation is not transitive. Fig-
ure 5 depicted an example used to demonstrate the non-transitive nature
of the relation. Notice that §; < S, and S, < S3, but when we compare S,
and S3, it is clear that S; < S3 is not true. For instance, the first segment of
S1 do not hold (2.8).

The last relation between segmentations, showed in figure 6, is the incom-
patible relation, denoted by ||.

s, | I - —

S, [ ]
—

Time

Figure 6: Incompatible segmentations
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Definition 2.10 (incompatible segmentations). Let S; and S, be two seg-
mentations from the same T. They are incompatible, when they are not equal,
Sy is not a refinement of S, nor S, is a refinement of S,, and they are not

compatible.

Lemma 2.4. If two segmentations, Sy and S,, are incompatible, then they hold

ds, € S1,3sp € Sy 1 54 F SpA

[(t7 <t AT <tV (@, <tz At <t)] (29)

a

For the example showed in figure 6, lemma 2.4 is verified by the first seg-
ment of S; and the second segment of S5.

PROOF We know that if S; and S, are not equal, at least one segment of
each segmentation have their lower or upper limit different. Since they are
not compatible nor their relation is a refinement, for some segments, the
limits do not coincide and are not comprised within the limits of a segment
of the other segmentation. The only case where this is possible, is when
the lower limit or upper limit of one segment is between the limits of a

segment of the other segmentation. n

2.7 Proposition (properties for the incompatible relation):

The incompatible relation is irreflexive and symmetric.

PROOF The irreflexive property is a consequence of the lemma 2.4, since
no segmentation is incompatible with itself. Thus, S;||S; is false because
at least one segment must begin in the middle of the other, so they share
elements. But this is in contradiction with lemma 2.1, which tells that seg-
ments precede each other and with definition 2.6, where no two segments
share an element.

We will prove the symmetric property by contradiction. Lets assume that
S is incompatible with S, but the symmetricis not, thatis S; | S2 A —=(S2/S1)

is true. We can expand this statement in respect with (2.9), as [s, # sp A expi] A
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[S¢ = sp V exps], where exp; and exp, are the second part of (2.9). We can
see now if S1||S, then s, = s, must be false, forcing exp, to be true. The
expansion of exp, is (t; > 1, Vi > ;)N (@, > t7 v, > 1F). Aswe
know that s, and s; are not equal, the conditions where both limits are
equal can be removed. Thus, we have two possibilities to make the state-
ment true. When ¢ > t; Aty > t,, that is the same as s, T 54, and
Iy >1, A tz;L >t meaning that s, C s5. However, this makes exp, in con-
traction with exp;, since from (2.9) we know that at least one segment from
both segmentations verify (1, > t; Vit > 1)) A(t; >t v, > t}), that
is, s, are not contain and does not contain s5. This contradiction proves
that S,||S1 A S1]| S is true. =

The incompatible relation is not transitive. At first, this may seem awk-
ward. We will use an example to illustrate why, depicted in figure 7. S;
is incompatible with S, due the first segment of S1 and the fourth of S,.
S, is incompatible with S5 because of the second segment of S; and the
forth segment of S,. However, when we compare S; and 3, instead of in-
compatible, we notice that §; < S3. This simple example shed any doubt

about the non-transitive nature of the relation.

S, | [T 1]
I I E—

2

5,
—

Time

Figure 7: Illustration of the non-transitive nature of the incompati-

ble relation

2.2 Distance function between segmentations

As stated before, the comparison between segmentations can only take
place if they result from the same set of timestamps 7. Sometimes, be-

sides the relations between them, it is convenient to quantify how distant
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two segmentations are. For example, when comparing segmentations pro-

duced by different algorithms.

To calculate more easily the similarity between a pair of segmentations,
we need a different way of representing the segmentations. Using T as
the reference, we can represent each segmentation as a binary vector, with
an equal size of T, defined in a normed vector space. Each position of the
vector marks the absence or existence of a segment start, using 0 and 1
respectively. For instance, given a T with 5 timestamps, v; = (1,0,1,0,1)
and v, = (1,1,1,1, 1) represent two segmentations, where the second is a
refinement of the first. The nature of the segmentation and the selected

representation, led to the following characteristics:

(i) It is impossible to have a vector filled with zeros, since a segmenta-

tion is a non-empty set of segments

(ii) The first position of the vectors represents the early segment of both
segmentations, and thus, are always equal to one. This also means

they are aligned with T

(iii) The number of ones ranges from 1 to |7'|. The minimum happens
when a segmentation has a single segment and the maximum is achieved

when the segmentation has only singular segments

(iv) The number of zeros are comprised between 0 and |T'| — 1, achieved
when the segmentation has only singular segments and a single seg-

ment, respectively

With this representation, it is possible to use several distance functions
defined in the literature, namely the Hamming distance [19], the one that
will be used.

Although the computation of the distance is between two segmentations,

in the notation we will use the vector representation instead. We will de-
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Relation min max

Refinement 1 |IT|—1
Compatible 2 |T|-2

Incompatible 2 |T|—2

Table 1: Distance ranges for segmentations with different relations

note the function by
A R" x R" — Ny, whereA(vy, U5) = hamming_distance(v;, U,)

For a given finite n, A is a metric in the vector space of size n. It returns
the number of mismatch symbols between two vectors. Besides, it has an
important interpretation in the segmentation” domain. Since ones repre-
sent the beginning of segments, the hamming distance indicates the num-
ber of mismatches between segment’ starts, despite the relation between
segmentations. Nevertheless, for different relations, the distance ranges

varies, as showed in table 1.

To complement the description of the subject, it is worth to mentioned
the simplest v for each possible relation. For the Refinement relation,the

simplest case is given by
v =(1,0) and v, =(1,1)
where v, refine v;. For the Compatible relation, one case is given by
v; =(1,0,1,1) and v, =(1,1,1,0)
Finally, the simplest case for the Incomparable relation is

%, =(1,0,1) and @, =(1,1,0)

18



2.3 Descriptors for a segmentation

The function A is important to show how distant two segmentations are,
despite the relation between them. However, it does not provide sufficient
information about the segmentation itself, for instance, the number of seg-
ments or its relation with 7', to name a few. To overcame this, we define a
set of measures, that describe the segmentation.

The first measure is the number of the segments of a segmentation, de-
noted by (.)*. As its name indicates, the measure gives the number of seg-
ments in a segmentation, which can be helpful when we are comparing
different segmentations from the same set 7. The measure ranges from 1
to the size of T.

To widen the scope of usage, we define a relative version of the measure,
called relative number of segments, denoted by (.)¥. This measure is a

normalization of the previous one. It is calculated as

i O

Notice that in this case, it is possible to compare segmentations from dif-

ferent T, because the value is in the interval ]0, 1].

Next, we define the minimum size of a segment and the maximum size
of a segment, denoted by miny(.) and maxy(.), respectively. This measures
shows the minimum (and maximum) number of elements in a segment for
a given segmentation. From them is possible to calculate the range value

for the cardinality of the segments.

We define other measure, the average size of a segment, denoted as avgs(.).
This measure gives the average cardinality of the segments in a segmenta-
tion. The value ranges from 1 to |T'|.

There is also a normalized version of the average, called relative average

size, denoted as avg,(.), calculated as

avgy(.)
7]

avg,(.) =

19



This measure indicates the percentage of elements of 7 per segment. Once

more, it can be used to compared segmentations from different 7.

The next measure is the standard deviation of a segmentation, denoted by
stdy(.). This measure is similar to the standard deviation used in statistics,
as it represents the standard deviation of the segments from the average

size, for a given segmentation. It is calculated as

_ 2
Std#(S):\/Z(sa lc;Tg#(S))

where § is a given segmentation and s, is a segment from S, with a €
[1..|S]].

2.4 Visualisation of segmentations

The use of these measures can be supplemented with a visual representa-
tion of the segmentations. We will use a histogram where the X-axis rep-
resents the number of photos and in the Y-axis the number of segments.
Figure 8 shows a example of such a histogram. Segmentation S has 18
segments, where two have a single element, five have two elements, ten
have five elements and two have six elements.

Despite the simplicity of the visual representation, we need a way to set-
tle the number of bins to use in the histogram. Description statistics have
some methods to settle the width % of the bins' for presenting frequency
distributions. The method used is based on the Freedman-Diaconis rule [7],

here rounded to the nearest integer,

h= L(z x TOR x n—%) + o.sJ (2.10)

where 1 QR is the interquartile range [24] and n is equal to (S)*. For the
example depicted in figure 8, we have I QR = 3 which leads to & = 2. The
number of bins b is given by

!We assume the same width for all bins is enough for the purpose.
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Figure 8: Illustration of the visual representation of the segmenta-

tion

5 1, if maxy(S) = ming(S)

[’""x#(s Loming(5) —‘ ,  otherwise
For the given example b = 3.
This visualisation of a segmentation provides additional information about

the distribution of the segments in the segmentation. In particular, it let us

observe the dispersion of the segments sizes.

2.5 Joint visualization of the collection and segments

Following the same line of though, it would be important to have a vi-

sual representation of the collection and, at the same time, be able to see
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the position of the segments on top of it. However, each collection may
extend for a large period, with many segments to display. An attentive
to show all the information would produce a cluttered image with few
useful information. Thus, the visualization of the collection will be done
by each logical day, on top of which we represent the segments. An his-
togram will represent the collection, with the width of the bins determined
by (2.10). The X-axis denote the period depicted. Figure 9 shows an ex-
ample of such representation. The collections of photos is represented by

solid bars, while the segments are represented by the dashed line.

80
|

photos - - - segments

Frequency
40 60
I I

20

| |
- . ____ L __ __E—"-—__________ | ______—-—.—___________ 1

0170972062 14:10:51 0270972062 01:30:04

Figure 9: Illustration of the visual representation of one logical day

of the collection and the segments

Even tough we are using different methods to represent both informations,

the time boundaries are the same. Thus, the overlap of the two is consis-
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tent, providing a interesting way to see the adjustment of the segments to

the collection.
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3 Segmentation algorithm

The algorithm described in this section relies on time to fulfil the segmen-
tation of a collection of photos. Thus, is a requirement that each photo of
the collection has the time of creation. However, it deals with time not
as a sequence of timestamps but as a sequence that embodies regularities
that have social meaning. This is important, since we are trying to find
events and those are carried, generally, in some predefined zones of the
day, week and year. As a starting point, it uses the day cycle as the main
source of information for a first segmentation. However, the notion of day
is extended beyond its classical boundaries (0 am to 11.59 pm). Figure 10
show the block diagram of the algorithm, representing its three steps, with
its inputs and outputs. Before the segmentation procedure takes place, the
collection is ordered using the photo’s timestamps, guaranteeing the con-

ditions stated in section 2.

Day segments

Y

Phase 2:
Segment each day

Set of Photos Phase 1:
" .
Segment into days

Y

Day Statistics

Events

; A 4

Phase 3:
Segment
refinement

Event Statistics i i Events

Figure 10: Overview of the segmentation algorithm

3.1 Phase 1-segment roll into days
The first phase of the algorithm has two goals:

(i) produce a segmentation S where each segment contains the times-

tamps for a single logical day;

25



(ii) produce a set of statistics for each segment, that will drive the later

steps.

Code 1 Segment into logical days

Input: An ordered set of timestamps T and a threshold value w
Output: A segmentation S and a set of statistics STAT for each segment

PHASE_1(T, S, w)
1 §=0

STAT = @

// Obtain the first timestamp

lastTS = T(0)

fori = Oto T.length

if DATE(lastTS) # DATE(T(i)) v T(@)—lastTS < w

/ Add the index that marks the end of a segment
S.append (i)
STAT .append(currStat)

O 0 NI O U = W DN

—_
o

else

—_
—_

currStat = UPDATESTATISTICS(currStat, T(i))
lastTs = T(i)
S.append(T .length)
STAT .append(currStat)
return STAT

e
1 = W DN

The observation of the user’s habits demonstrate that events follow some
temporal regularity and have some degree of predictability [28]. The no-
tion of a logical day follows closely the daily cycle, but is beyond the nor-
mal boundaries. The hours where people do their daily activities delimit a
logical day. For example, if someone gets out of bed at 10 pm and goes to
bed at 2 am of the next day, the logical day is confined to that period. This
is true, even if there are no photos that document each moment of the dayz.

2Although in this case it is almost impossible to settle correctly the limits of the logical
day.
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However, if there are, they represent moments that occur in the period
where people have their events, their activities, and so on. Nevertheless,
the boundaries are not fixed - they can change in a daily basis, depending
on the photos we have, making the notion of a logical day fuzzy. To settle
them, more precisely, the upper bound, it is necessary to have a sequence
of timestamps that spans from the last hours of one "normal" day into the
early hours of the next one. If the timestamps fall within a predefined time
window w, a parameter of the algorithm, they are considered to belong to
the same logical day. If not, a logical and "normal" day is considered to
be the same. The rational behind the value of this window, is that most
people sleep at night, at least a few hours. Thus, after an event where they
took pictures, came up a gap that is enough to delimit the logical day.

Besides the segmentation of the timestamps, this phase of the algorithm
also produces the statistics for each segment. They are important for the
next steps of the algorithm, namely, to detect events inside the day, and

include:
(i) the number of photos in the segment;
(ii) the maximum;
(iii) the minimum and;
(iv) the average time difference between two consecutive timestamps.

With such information, it is possible to adjust the algorithm to the shot
behaviour the photograph had each day. Code 1 shows the pseudocode of
the algorithm for the first phase of the segmentation process.

3.2 Phase 2 - segment each day

The second phase of the algorithm takes the segmentation S and the statis-
tics STAT'S to produce a segmentation S;, where S; <1 S. This refinement

divides each segment of S, a set of timestamps for one logical day, into
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Code 2 Segmentation of the collection logical days

Input:  An ordered set of timestamps 7', the day segments S, their statistics STATS
and a real value f
Output: A refinement S; of the segmentation §

PHASE_2(T,S,STATS, f)
/ The new segments
Sqg =9
// The index of the current element of T
idx =0
lastTS = T(0)
fori = 0to S.length
currStats = STATS(i)
for j = idx toidx + S(i).length
if lasTS —T(j) > computeThreshold(currStats, f)
Sa-append(j)
lastTS = T(j)
idx = idx + S(i).length
/ Maintain the segments from §
push(Sq,idx)
15 return S;

O 0 NI O UG &= W N -

O S - WS Y
= W N = O

COMPUTETHRESHOLD(stats, f)

1 return stats.average x f + (stats.max —stats.min) x f

fine grained segments that are close to base events (for example, visiting
a museum). The algorithm uses the statistics calculated in the previous
phase. Since these can change each day, the algorithm adapts the division
points to each daily set of timestamps. The decision to create a new seg-
ment is based in a reference value, that consist in the sum of two parts.
One part is a fraction of the average time difference between consecutive
photos. Another, is a fraction of the maximum and minimum time differ-
ences. A value f, whose range is 0.1 < f < 0.9, controls the fraction that

will be used. Code 2 shows the pseudocode for the second second phase
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of the segmentation. The division point is decided in line 9.

3.3 Phase 3 - fine tuning

Code 3 Fine tuning the segments

Input: An ordered set of timestamps T, the list of the day segments indexes S and the
threshold value w
Output: A fine tuned segmentation §

PHASE_3(T, S, w)

1 forcurldx = 0to S.length
2 ADJUSTDAYTURNSEGMENTS(curldx, S, T, w)
3 return

ADJUSTDAYTURNSEGMENTS(curldx, S, T, w)
1 ifcurldx #0

2 TSprevSegment = T(S(curldx —1))

3 TSsegment = T(S(curldx))

4 if DAY(TSprevSegment) + 1 == DAY(T S Segment)
and TS Segment — TSprevSegment > w

5 S.removeAt(curldx)

The previous phases of the segmentation process already group the times-
tamps, the segments, which are close to the base events. However, there
are still refinements to do, namely, guarantee the notion of a logical day, as
the window w is generally greater than the reference value for each day.

During the second phase of the segmentation, some of the photos that
belong to the same logical day can be put into different different segments,
breaking their logical relation. This means that photos that are taken pass

0 am and have a sulfficient * time gap in front, can be incorporated in the

3The notion of “sufficient” is related with our habits, for instance, our necessity to

sleep some hours.
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previous segment, since the activity is broadly the same. The procedure

AdjustDayTurnSegments in code 3 do this adjustment.
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4 Evaluation

In this section we will test the segmentation algorithm against some per-

sonal collection of photos. The goals of the test are:

(i) Find out if there is an appropriate default value for the parameters,

that suits the general needs for different collections;

(ii) Study the relation between the segmentations when the parameters
changed.

Before we describe the tests and the method used, it is important to say
that it is the author belief that there is no algorithm capable of segment all
the collections as the user does. There are so much context and semantics
associated with a photo collection that some aspects will always be left
off for the user to take care. Nevertheless, the help of such "imperfect"

algorithm is very important, as it lifted some of the manual labour.

4.1 The collections

In this evaluation, we use five different types of collections:
(i) A set C; with 952 photos, that document a seven day vacation trip;
(ii) A set C, with 730 photos, that document an eight day trip;

(iii) A set C3 of 113 photos that occur over five years, with sparse shots
and long empty periods;

(iv) A set Cy4 of 25 photos that occur over two days and includes several

bursts of photos and an outlier;
(v) A set Cs with 36 photos with 30 minutes of duration.

Collection C; documents a typical vacation trip. It contains several episodes
of the vacation, including the departure and arrival. Among them, there
are many sequences of photos with few minutes apart, some capturing al-

ternative shots of the same scene. It includes at least one case where the

31



notion of a logical day applies. There is only one camera, but it was used
for more than one photographer.

The collection C, also documents a vacation trip. Most of the images de-
pict local scenes, monuments and landscapes. The photos were taken from

just one camera and the owner is different from the above collection.

The third collection, C3, gather several photos taken along five years. It
is a typical role of occasional shots made, for example, from a cellphone.
There are many single photos and the events contains only a dozen photos

at most. The owner of the collection is different from the previous two.

Collection C4 contains photos from a weekend travel. Most of the photos
are bursts, trying to capture the motion that exists in the depicted activity.

The number of events in each day are few, just two or three.

Finally, collection Cs document a short visit to a museum. It consists in
a single episode with multiple events, representing the passage between

rooms.

4.2 Default values

Default values play an important role in the life of an algorithm. It pro-
motes its usage, even if the user is not an expert of the domain, or if it sim-
ply does not understand the scope of the parameters. Those values make
the algorithm useful off-the-shelf. Thus, for an automatic segmentation
algorithm, there is a strong need for those values, in order the segmenta-

tions produced fulfil the user’s needs over different collections.

The algorithm was run 5 times for each collection. In each run, the sensi-
tive parameter f was changed with the values 0.1,0.25,0.5,0.75,0.9. Each
run was labelled from a to e respectively. Do notice this parameter gov-

ern the level of segmentation, i.e., when is small it forces the algorithm to
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segment more; when is large it produces larger and fewer segments. The
descriptors for each run can be found in the appendix-A (page 49), de-
picted on figure 11 to figure 15.

Let start with figure 11. In each graphic, we have the run identification
in the X-axis and the value for the descriptor in the Y-axis. From left to
right top to down, the figure has: the number of photos in the collection,
the number of segments, the relative number of segments, the average
cardinality of the segments, the relative average, the standard deviation
from the average size of the segments, minimum size of a segment and
the maximum size of a segment. When we observe the values for each
descriptor, we can see the number of segments decreasing when the sen-
sitivity grows. However, this decrease slows after the third run. In fact,
if we see the relative number of segments, it almost freeze from the third
run upwards. Giving these indicators, the value of 0.5 is a good candidate
suitable to segment this collection. Moving to collection C,, we see some-
thing similar when we watch figure 12. The numbers of segments reach
the stability after the second run. The same happens with the collection
C; (figure 13). However, the number of segments does not vary as the pre-
vious ones, which are no surprise, since the collection has episodes from
five years, each one with few photos. Nevertheless, it seems that after the
second run, the number of segments steadies. Moving to the collection
C,, we found a similar scenario when observe figure 14. The number of
segments does not vary much and from the third run forward the value
stabilise. Almost the same happens with the collection Cs. The number of
segments also stabilises from the third run forward. These observations
suggest that the default value should be settle between 0.25 and 0.5, with
some advantage for the latter.
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4.3 Relations between segmentations

In the previous test, we have changed the sensitivity parameter of the al-
gorithm. This means the number of segments tend to decrease when this
value increase towards 1. What are the effects in the segmentations? Are
they compatible with each other or not? To answer these questions, we
compare each of the segmentations produced in each run, for a given col-
lection. The results of this comparison can be found in the appendix B
(page 57), depicted in figures 16, 18, 20, 22 and 24. To simplify the reading,
the results are present in a contingency-like fashion. The X-axis and Y-axis
represents the segmentations produced for each run, according to the la-
belling already established (from a to e). Observing those figures, is clear
the relations bounce between equal and refinement for all the cases. This
means that changing the sensitivity parameter produce more segments,
but preserve at the same time some key points that support the refinement
at the worst case®. Since the collections were chosen to be as representa-
tive and diverse as possible, it seems this behaviour is independent of the
collection itself.

Figures 17,19, 21, 23 and 25 depict the distance between the segmentations
produce by each run. As we can see, the distance varies more when the
number of photos in the collection is greater (collection C; and C5). The
impact of the sensitive parameter is important as it can produce near more
10% of mismatches for the same collection (for collection C;). Neverthe-
less, this difference is only relevant when the parameter is at his extremes.
For the values suggested earlier, the differences are small even for the large

collections.

“We consider there is an order of compatibility where Equal is more compatible, fol-
lowed by the Refinement and then by the Compatible relation.
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5 Related work

Several studies (for example [8]) suggest that users take photos in bursts,
which can be used to separate different groups of photos. Also, psycho-
logical studies (for example, [12]) shows the importance of time in our
process of recalling past events. So, it is not odd to see the information
used to perform the event detection in the work presented here has time
as the common denominator. In the work under analysis, time is always
used to perform the first segmentation of photos, where each segment are
close as possible to an event. Besides time, the content of photos [16, 21, 23]
and the GPS information [4, 20] are the most used features to fine tune the
segments. Before we are going in details, it worth clarifying the meaning
of two terms that will be used frequently in this section: segmentation and
clustering. A segmentation is a division of a totally ordered set into differ-
ent parts, the segments. A clustering procedure also divides a set, known

as clusters, but it does not need to be ordered.

One of the most referenced work in the field was developed by Plat, et
al [21]. It uses the time as the main source of information to segment a
digital photo collection, using the time difference (gap) between two con-
secutive photos and comparing it to the neighbourhood average differ-
ences. The size of the neighbourhood depends on a parameter D. Since
the goal is to help the visualisation of the photo collection, the segments
should have a maximum size, which has a predefined value. Whenever
the segmentation produces segments whose cardinality exceeds that max-

imum, they are refined using a content-based clustering technique.

Loui, et al. [16], presents an algorithm that cluster photos in two levels:
events and subevents. The main purpose is to automatically generate al-
bums from a collection of photos. The time-based clustering takes the
assumption that time differences between photos in the same event are
smaller than time differences between photos from different events. The

time clustering uses a time difference histogram, scaled along the time dif-
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ference axis, to accommodate collection that spans several years. Then, the
histogram is divided in two using the K-Means [17] algorithm. The clus-
ter with higher values contains the time differences that should be used
to separate events. In segmentation terms, those are the boundaries of the
segments. Next, each segment is split into fine grain segments, represent-
ing subsevents, using a content-based clustering technique. The subevent

segmentation is a refinement of the event segmentation.

Naaman, et al. [20], describe a system that uses time and location to au-
tomatically organise a personal photo collection, into groups of events or
geographical locations. At first, they use the time gaps and geographical
distance between pairs of consecutive photos, to settle event boundaries.
A gap of h hours between consecutive photos often indicates a new event,
as within one event the photos are taken at a steady rate. Photos that dif-
fer with more than 12 hours are considered to belong to different events.
Finally, the physical distance between locations of two consecutive photos

can be also used to mark the generation of a new event.

In their work, Suh et al. [23], use event clustering for semi-automatic photo
annotation. They present a framework that helps users in the annotation
process, providing groups of photos that can be annotated in bulks, with
two main targets in mind: events and people. These two targets are treated
independently, so we will focus on the time algorithm only. The grouping
method that uses time is based on the timestamps and produce a segmen-
tation of the photo’s collection, based on Platt’s algorithm. However, the
original algorithm was adapted to incorporate the notion of hierarchy. It

identifies different event levels and let the user choose the correct level.

Cao et al. [4], use hierarchical event and scene models to annotated photo
collections. Their idea is to explore the correlation that exists between pho-
tos in the collection, especially their location. To settle the events, they use
a clustering method that group the collection into event-based subcollec-

tions. This procedure uses time and GPS information. First, a segmen-
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tation is made using only on the time information, using the mean-shift
algorithm [5]. Then, for the photos that have simultaneously time and
GPS location, the procedure is rerun, leading to another division. This
two pass algorithm is necessary since not all photos have GPS informa-

tion, and thus, the time segments serve as a solid grouping feature.
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6 Conclusion

This document describes an algorithm that aims to produce segmentations
of personal photo collections, considering some relevant cycles of the day
life. The segmentation is just a starting point that presents the photos to
the users in groups that probably overlap the real events. In this work,

there are two main contributions, whose conclusions we briefly present.

The first, is the creation of a formal framework that, among others, define
the notion of segment and segmentation, their relations and properties.
This formal notation is, as far as we know, a novelty, and enable a more
robust and reliable comparison of segmentations, either produced by au-
tomatic algorithms or done manually by the users. In the literature, the
evaluation tests do not resort to any formality, are hard to reproduce, and
the properties of the segmentations were left behind, in favour of subjec-
tive feedback from the users.

The second contribution is the introduction of the notion of logical day,
that breaks the collection in moments different than the classical 0 am.
Some of the most used desktop software for managing collection of photos
[2, 9, 27], uses the day as a fixed segment point. However, the behaviour
of people is not tight to such rigid schedules. Namely, during the most
documented episodes (e.g. a vacation), the occurrence of the events fall
off the regular day cycle. This important, yet, neglected feature was never
incorporated in the segmentation’s algorithms proposed by the scientific
community. The usage of such a notion extends the day towards the early
hours in the next day. The current implementations is able to detect it, if

there is a shot pattern prior the 0 am.

The evaluation of the algorithm shows that it has some desirable prop-
erties when the most important parameter, the sensitivity f, is changed.
The segmentations produced with different values keep the compatibility
between them, sharing a refinement relation, in the worst case. Thus, the

algorithm converges toward the same events. It was also demonstrated
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that after some value, the parameter’s effect on the segmentations is small,
making possible to define a default value of 0.5 for f. Although this value

is not consensual, it was found to be a good starting point.

6.1 Future work

The segmentation algorithm uses, at this point, only temporal information
to produce a segmentation of a collection of photos. However, time is just a
small part of the metadata available in each digital photo. There are other
types of information that can improve the detection and representation of
the events. Namely, the GPS data can be use to improve the phase 3 of the
algorithm. Besides, it can unveil higher level cycles, that can be used to

improve the representation of the events, as suggested by figure 1.

Another topic that has room for improvement is the definition of the value
to assign to the parameter w. This value is used by the algorithm to settle
the boundaries of the logical day, and it is fixed for all the photo collec-
tion. It would be interesting to have a value of w for each day, depending
of the observation of the shot pattern. This will improve the detection of
the logical days, giving the opportunity to adequate the value to different

behaviours.

There is still some work to be done to evaluate the algorithm. All the pro-
cedures discussed in section 4, test the algorithm for its properties and
characteristics, using the formalism introduced in section 2. However, it
is important to test the user’s reaction to the segmentations found by the
algorithm. Among others, it is relevant to test the “a priori” and “a poste-
riori” reactions. The first is when the collection is presented already seg-
mented and the user only signals which segments are wrong. The second
is to make the user segment the collection manually first, and then com-
pare it to the segmentations found by the algorithm. It is our conviction

the results will differ in both cases.
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Nomenclature

T an ordered set of timestamps
|| the size (cardinality) of the a set

s=t7,t7] represents a segment, which is is a contiguous, non-empty,

monotone, sub-sequence of T elements
()~ successor element in T
< precedence relation, defined for segments

= equal relation, defined for segments

# indicate that two segments are not equal
C contained relation, defined for segments
S a segmentation, which is a non-empty ordered set of seg-

ments from 7

t the first element (lower limit) of a segment, at index i in

a given segmentation

1 the last element (upper limit) of a segment, at index i in
a given segmentation

= equal relation, defined for segmentations

# indicate that two segmentations are not equal

< refinement relation, defined for segmentations

A indicate that one segmentation is not a refinement of the
other

S compatible relation, defined for segmentations

I incompatible relation, defined for segmentations
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S

()"
@)
ming(.)
maxy(.)
avgs(.)

avgr(.)

stdy()

I0R

binary vector that represents a segmentation of T
distance between two segmentations

number of bins for a given histogram

the width of the bins used in frequency distributions
number of the segments of a segmentation

relative number of the segments of a segmentation
minimum size of a segment in a segmentation
maximum size of a segment in a segmentation
average cardinality of the segments in a segmentation

relative average size of the segments in a segmentation.
It gives the percentage, in average, of each segment in
the whole T’

the standard deviation for the segments of a segmenta-

tion from the average size

the interquartile range
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Figure 11: Descriptors for the collection Cy,
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Figure 14: Descriptors for the collection Ca,
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Figure 15: Descriptors for the collection Cs, after five segmenta-
tions.
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Figure 16: Comparison of the segmentations produced in different
runs, for the collection C;.
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Figure 17: Distance of the segmentations produced in different runs,
for the collection C;.
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Figure 18: Comparison of the segmentations produced in the differ-

ent rums, for the collection Cs.
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Figure 19: Distance of the segmentations produced in different runs,
for the collection Cs.
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Figure 20: Comparison of the segmentations produced in the differ-

ent rums, for the collection Cs.
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Figure 21: Distance of the segmentations produced in different runs,

for the collection Cs.
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Figure 22: Comparison of the segmentations produced in the differ-

ent rums, for the collection Cy.
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Figure 23: Distance of the segmentations produced in different runs,
for the collection Cy.
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Figure 24: Comparison of the segmentations produced in the differ-

ent rums, for the collection Cs.
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Figure 25: Distance of the segmentations produced in different runs,
for the collection Cs.
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