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ABSTRACT
Our system suggests likely identity labels for photographs in
a personal photo collection. Instead of using face recognition
techniques, the system leverages automatically-available con-
text, like the time and location where the photos were taken.

Based on time and location, the system automatically
computes event and location groupings of photos. As the
user annotates some of the identities of people in their col-
lection, patterns of re-occurrence and co-occurrence of dif-
ferent people in different locations and events emerge. The
system uses these patterns to generate label suggestions for
identities that were not yet annotated. These suggestions
can greatly accelerate the process of manual annotation.

We obtained ground-truth identity annotation for four dif-
ferent photo albums, and used them to test our system. The
system proved effective, making very accurate label sugges-
tions, even when the number of suggestions for each photo
was limited to five names, and even when only a small subset
of the photos was annotated.

Categories and Subject Descriptors
H.5.1 [Information Systems Applications]: Information
Interfaces and Presentation—Multimedia Information Sys-
tems

Keywords
geo-referenced digital photos, face recognition, photo collec-
tions, context

1. INTRODUCTION
In personal photo albums, no organizational category is

more important than the identity of people in the photo.
The need to retrieve photos by identity of people is very
common; such retrieval is also cognitively highly effective.
Our previous study [6] showed that identity of people is one
of the most important cues for users, and also one of the
best-remembered features when people are recalling photos
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Figure 1: Possible interaction mode with the system
— the user annotates the identities that appear in
the photo by picking from a short list of candidates.

from their collection. Our study verified results from W.H.
Wagenaar [13]. In his study of autobiographical memory,
Wagenaar has shown that identity of people participating
at some past event is well remembered when recalling the
specific event.

As a consequence, an important goal of photo organizing
systems is to support retrieval by identity of people that ap-
pear in photos. Such a system would allow users to query
for photos containing specific person(s). An ideal system
would accurately retrieve all the photos where the queried
person appears, and only these photos. At the same time,
such system will ideally require the collection owner to in-
vest minimal effort in annotating or organizing the collection
prior to the query.

However, current technology is far from this ideal sce-
nario. Image analysis techniques for face detection [4, 15]
and recognition [18] are far from supporting reliable person-
based retrieval, even when the set of people that appear
in the photos is extremely limited. An obstacle that often
arises in family albums is that faces are often not aligned
directly into the camera. Most faces are tilted or slanted, or
even partially or totally obscured (in one of our sample col-
lections, about 70% of the faces of people in the photos were
slanted, a third of those shown in profile). These facts make
recognition — and even detection — an extremely difficult
task. As the researchers in [2] report, “The face detector
used in our photo application is highly accurate for photos
with faces where both eyes and the nose are visible.”



Since 1999, research efforts [5, 11, 14] have focused on sys-
tems that ease the manual annotation of identities in photos
(see Related Work section). These systems, adopted since
then in commercial products, suffer from two major short-
falls.

• Long-List annotation. To annotate a photo (or group of
photos) the user is required to choose from the list of all
names in his collection, which makes the process tedious.
Many users resort to annotation of at most a few faces.

• Limited retrieval. As retrieval depends on annotation,
The users must manually annotate their entire collection
with the identity of people in the photos. Photos that
are not annotated cannot be retrieved.

Short of solving the difficult image analysis problems, we
are pursuing two intermediate steps. In the first step, we
look at making the manual annotations of face identities as
easy as possible for the collection owner. Later, we will at-
tempt to minimize the number of photos that need to be
manually annotated in a collection, while still achieving sat-
isfactory results for identity-based retrieval over the entire
collection, including the non-annotated photos.

Our approach to reaching these two milestones is to lever-
age context available from photo metadata and user input.
We build on our earlier work, which demonstrated statis-
tical algorithms that successfully identify coherent ‘events’
and ‘locations’ within personal photo collections based on
photo metadata. We describe here our solution to the first
milestone, and we discuss how we plan to use the results for
our approach to the second goal.

More specifically, in this work we focus on improving the
quality of candidate name lists that are presented to the user
for each photo during the annotation process. We address
the problem of long-list annotation by reducing the list of
candidates to a reasonable size (e.g., 5 names). Our sys-
tem tries to predict which people are likely to appear in the
photo, leveraging photo metadata, context (such as event
and location) and previous annotations.

An example user interaction with such a candidate list is
shown in Figure 1. In the figure, the user is trying to an-
notate the photograph. Our system computes and displays
a list of likely candidates. The user can choose a candidate
from the list, or enter a name that is not on the list. This
paper is not concerned with the details of the interaction.
We focus, instead, on generating good candidate lists.

We use the following terminology in this paper. The
term metadata, when referring to photographs, commonly
refers to all the information about the photograph that is
not reflected in the actual visual image. It is convenient to
make a distinction between two types of metadata: user en-
tered metadata (or annotation), and automatically-captured
metadata (which we will simply call ‘metadata’). Annota-
tion may include, for example, the identities of people in
the photo, a textual caption, or a user-entered identifier
of the location. Metadata, for example, may include the
timestamp when the photo was taken, or even the location
coordinates where the photo was taken.

Our idea is simple: in a personal photo collection, people
do not appear with uniform frequency. For example, there is
a correlation between appearance of different people. There
are also patterns with which people appear at certain times
and locations. We harvest the emerging patterns to generate
a progressively improving list of candidate identities for each

photo that is about to be annotated.
We use the following intuitive guidelines:

• Popularity. Some people appear more often than others.

• Co-occurrence. People that appear in the same photos
may be associated with each other, and have a higher
likelihood of appearing together in other photos. We
expand this notion to the setting of an “event”, a set
of photos taken at the same time, with similar context
(for example a party, or a trip). People that appear
together in the same events, are likely to appear together
in other events, even if they are never captured in the
same picture.

• Temporal re-occurrence. Within a specific event, there
tend to be multiple photos of the same person.1

• Spatial re-occurrence. People that appear in a certain
location have an elevated likelihood of appearing again
in that same location, even during different events.

Utilizing these intuitions requires various levels of meta-
data. Much of this metadata can be acquired automatically.
If no such metadata is available (e.g., for scanned photos),
we can only utilize the popularity and co-occurrence in pho-
tos, both of which emerge from user annotation. To con-
sider co-occurrence in events or temporal re-occurrence, we
require the photos to have a timestamp (so that the sys-
tem can automatically compute likely events), or the user
to annotate events. Spatial re-occurrence requires, natu-
rally, location data which can be captured automatically by
the camera, or annotated by the user.

Note that we are not using any recognition technology
or any other type of image analysis at this point. This al-
lows us to demonstrate the usefulness of our system as a
context-based annotation tool, independent of recognition
techniques. In addition, our technique is robust with respect
to issues that commonly arise in systems that are based on
image analysis: faces that are tilted, slanted, and partially
or even completely obscured. Having said that, in the future
we will attempt to combine our system with a good recog-
nition system, so we can enjoy the best of both worlds. We
discuss a few possible directions in the Future Work section.

2. RELATED WORK
The research of Zhang et al. [16] and Girgensohn et al.

[2] focuses on using face recognition algorithms to ease the
task of annotating identities. In [16], the researches ad-
dress the problem of Long-List annotation described above.
Their system ranks likely candidates for a specific identity
in each photo. The ranking is based on face similarity us-
ing a nearest-neighbor-based learning algorithm. In later
work [17] the same researchers applied similar techniques to
annotate multiple photos simultaneously.

The system described by Girgensohn [2] takes a differ-
ent approach for annotation. In this system, after several
instances of a person are annotated by the user, they are
presented with face-only thumbnails that are likely to be of
the same person. The thumbnails are chosen based on vi-
sual similarity. The user can quickly annotate the correct
thumbnails in the set with the name of the person.

Both systems are orthogonal to our approach and can be

1Moreover, it is likely that the person will be wearing the
same clothes, which may help recognition [16]; we are not
looking at clothes or face recognition in this current work.



enhanced using the context-based techniques we use in this
paper. Their evaluation results, though, are hard to com-
pare with ours. One reason is that both algorithms, unlike
our system, depend on face detection. As a result, the faces
they attempt to annotate are usually clear and well-aligned.
In contrast, our system does not depend on detection or ap-
pearance of the face in the photo. Moreover, it is hard to
compare systems while using different datasets. For future
evaluation of such systems, we propose the first author’s
collection as a baseline and will supply the photos with ge-
ographic and time metadata, as well as identity annotation.

Non-recognition based approaches to efficient labeling of
photos have been an active research field since 1999. Ease
and partial-automation of the labeling task was studied in
[5, 11, 14]. For example, [11] proposed a drag-and-drop
approach for labeling people in photos. The latest photo
browser software packages (Adobe’s Photoshop Album, Ap-
ple’s iPhoto, Google’s Picasa2 and others) also attempt to
support efficient labeling of photos using techniques orthog-
onal to our.

Davis et al [1, 9] utilize spatial and temporal context to
help annotation of photographs taken with camera-equipped
mobile phones. They propose annotation using person, loca-
tion, object and activity categories, and lay out similar ideas
to ours as a possible approach for proposing identity labels.
However, they have not yet implemented and reported on
an identity-based annotation system. Our LOCALE system
[7], similarly, utilizes location context to share photo labels
between users, thus helping users annotate their photos by
location and landmarks.

In collecting context data, the PlaceLab project [10] aims
to supply ubiquitous location services to computers and
other devices (mobile phone, cameras). We have shown [6]
we can use location and time metadata to add additional
context such as weather and daylight status to photos. For
lack of space, we do not list many other projects that collect
and utilize context information.

3. MODEL
In this section we formally describe the model for photos,

identities and annotation, which is the portion of the system
that is exposed to users. We also describe concepts such as
events and locations, which are not necessarily exposed to
the users, but computed and used by the system. We do not
list the model for user behavior here, but rather leave that
for the evaluation (Section 5).

The basic constructs of our model are the set of photos,
S, and the set of people that appear in the photos, I (for
Identities, represented by person names). While the set I
may include every single person that appears in the photo
collection, it may also be defined as the set of identities the
users are interested in, e.g., only their family and friends.
We try various options for I in our evaluation.3

3.1 Interaction Model
The algorithms can best be described on the basis of a

formal model, which we introduce in this section. A cer-
tain set of people appear in each photo s ∈ S. This set of

2www.adobe.com, www.apple.com, www.picasa.com
3As the model assumes users will not annotate identities
not in I, the set of photos S we consider is simply the set of
photos that contain at least one identity from the set I.

identities, represented by Is ⊆ I, is the ground-truth list of
identities that appear in the photo.

The process of annotation can be seen as entering into
the system the ground-truth knowledge about the identities
in each photo. More formally, we define Ks ⊆ Is as the
set of people in photo s that are known to the system. An
annotation step occurs when the user enters the knowledge
about one identity in s — adds i ∈ Is to Ks.

Since the interaction between the user and the system
occurs in discrete steps, it makes sense to talk about Ks(t)
– the set of identities in photo s that is known to the system
at time t. Nevertheless, for simplicity of exposition, when it
is clear from context we just use Ks to represent the system
knowledge at a given time.

The full set of annotations already entered by the user is
represented by the set (of sets) K = K(t) = {Ks(t), ∀s ∈ S}
where zero or more identities i ∈ Ks ⊆ Is are known at time
t for each photo s.

We now describe the model for the annotation interaction
between the user and the system. The annotation process
takes place in steps, during which a single identity in a sin-
gle photo is annotated. At each step, the system considers
photo s in which Ks ⊂ Is, and tries to help the user an-
notate one identity from Is − Ks. This is how the system
advances from time t to time t + 1:

1. The system suggests a short list Hs(t) of h possible
identities in s to the user. The suggested list Hs is
time-dependent — it is generated based on knowledge
in K(t) and therefore subject to change due to any
additions to K. Of course, Hs(t) ∩Ks(t) = ∅ as there
is no sense for the system to suggest names that are
already known to appear in the photo. The system’s
goal is that Hs(t) ∩ Is 6= ∅ (Hs correctly listed an
identity that appears in the photo.) We call the case
when the two sets overlap a hit (or h-hit following the
notation of [16], corresponding to the candidate list
length h). If there is no overlap, we call it a miss.

2. As feedback, the user annotates the identity of one
person i ∈ Is−Ks. Note that the suggested annotation
is not for a specific person in the photo. The user
can reveal any identity in Is to the system at each
iteration, whether we had a hit or a miss. In case of a
hit, i is selected from Hs(t)∩ Is. In case of a miss, i is
picked from all the un-annotated identities Is −Ks.

3. The knowledge about i is added to Ks. The system
advances to time t + 1, and the new knowledge can be
used when the system generates the next Hs(t + 1) in
trying to identify another identity in the same photo
s, or when annotating a new photo.

For example, say photo s has two people in it, Is =
{Dylan, Alex}, neither of which has been identified in an
annotation (Ks = ∅). The photo is then picked for an-
notation at time t1. The system suggests a list of candi-
dates Hs(t1) that might appear in this photo, for example
{Neil, Marvin, Alex}. The user acknowledges that Alex is
indeed in the photo (Alex ∈ Is) — a hit. The system adds
Alex to Ks. When photo s is picked for annotation again
at a later time t2, the system may suggest a new list Hs(t2),
based on the fact that Alex is known to appear in photo s,
and other knowledge that may have been accumulated in K
between t1 and t2. Say Hs(t2) = {Poly, James, Neil}. The



user will be forced to enter (or select from a longer list) the
name Dylan which is not in Hs — a miss.

3.2 System and Parameter Model
In the previous section, we listed the parameters and defi-

nitions pertaining to the annotation process and its output.
In this section we define the underlying system, its struc-
ture and parameters. First, we introduce the raw metadata
that is associated with the photos. We then explain how we
derive the high level structure of the collection by using the
algorithms of our PhotoCompas system [8].

The metadata we assume to be associated with each photo
s includes time and location:

• t(s) = The time when the photo was taken.

• g(s) = The geographic location coordinates where the
photo was taken.

It is easy to assume that the time is automatically cap-
tured by the camera; all digital cameras sold today embed
a timestamp in the photo file header. In contrast, most
cameras do not yet support location-stamping. However,
at least two technology trends will make location capabili-
ties widely available in the near future: the growing num-
bers of camera-equipped mobile phones, which are inher-
ently location-aware, and the dropping costs and reduced
battery consumption of Global Positioning System (GPS)
technology.4 In Section 5 we expand on how our test collec-
tions were location-stamped.

It is important to note that large portions of the results in
this paper do not require location metadata, and are valid
even when location data is unavailable.

Given time and location metadata, our PhotoCompas sys-
tem can automatically organize a photo collection into two
hierarchies: a hierarchy of time-based events, and a loca-
tion hierarchy. While the details of how this organization is
achieved are found in [8], we briefly describe the generated
hierarchies.

A sample location hierarchy is shown at the top of Fig-
ure 2. The location hierarchy’s highest level is the country
level. Below the country level, we refrain from using admin-
istrative divisions such as states or provinces. Instead, the
next level of the hierarchy represents location clusters that
are unique to the specific collection, such as the “Seattle”
cluster in the figure. Sometimes these location clusters are
broken down further, when clusters are overloaded with pho-
tos. For example, in the collection represented in Figure 2,
the San Francisco area cluster represented many different
photos taken at different events, and were therefore split
into finer locations.

Events can be thought of as consecutive photos that were
taken in the same context, e.g., a party or a trip. PhotoCom-
pas automatically detects events in photo collections. The
event hierarchy is, in this implementation, flat: the system
creates a list of consecutive events as shown at the bottom
of Figure 2.5 Although we use location metadata as clues
for detecting events in the photo collection, it is not neces-
sary. Time metadata is sufficient, but we have shown that

4Even today, location-aware camera phones and GPS-
enabled cameras are available. There are other ways to gen-
erate location-stamps for photos using current technology
— for a summary, see [12].
5One can also use the notion of sub-events, and an event
hierarchy (see [3]).

Figure 2: Sample PhotoCompas structure. Parts of
the location and time/event hierarchies for an actual
collection of photos.

knowledge of location adds accuracy to event detection.
Every photo in the collection belongs to exactly one lo-

cation leaf node, and one event. Therefore, we can define
the following notation for location- and event-based sets of
photographs:

• L(s) = The set of photos belonging to the location leaf
node that contains photo s.

• E(s) = The set of photos taken at the event that contains
photo s.

In addition to the generated hierarchy based on time and
location, we explore the notion of “neighboring” photos,
both in time and in space. In other words:

• Nloc(s) = The set of photos taken within some fixed
physical distance R from photo s. The set is defined as:
Nloc(s) = {q | distance(g(s), g(q)) < R}.

• Ntime(s) = The set of photos taken within T seconds
from photo s. Ntime(s) = {q | |t(s)− t(q)| < T}.

For annotation purposes, one of the question we try to
answer is whether the notion of neighboring photos can sup-
plement and enhance, or maybe even replace, the more high-
level event and location hierarchies. This is one of the issues
we studied in our evaluation (Section 5).

4. GENERATING LABEL SUGGESTIONS
This section outlines our approaches to generating anno-

tation suggestions. To use the notation from Section 3.1,
this section explains how the system generates the candi-
date list Hs for a photo s.

We remind the reader, once more, that no face detection
or face recognition is used by our system. Instead, the can-
didate list is generated using clues from already-annotated
identities (the set K), and the photos’ metadata.

We employ various estimators, each applied to some di-
mension of the data, and each generating a ranked candidate
list. To rank the candidates, an estimator assigns to each
person in K a prior probability with which that person is
likely to appear in s. The top h candidates ranked by the
estimator become that estimator’s list of candidates Hs.



In the next subsection we outline a few basic estimators
that we implemented in our system. Later, we expand on
another type of estimator we used, the PeopleRank. At
the end of this section, we discuss some ways of combining
results from different estimators.

4.1 Basic Estimators
We introduce the idea behind the basic estimators with a

specific example. The Event Estimator generates a ranked
candidate list for photo s based on identities that already
appeared in E(s), the set of photos from the event that con-
tains photo s. The prior probability that is assigned to each
person i by the Event Estimator is simply the percentage of
appearances of i within all photos q ∈ E(s). More precisely,

p(i, s) =
∑

q∈E(s) Kq(i)

|E(s)| , where

Kq(i) =

{
1 if i ∈ Kq

0 otherwise
(1)

For example, say three identities have been annotated in
a total of two photos q1, q2 ∈ E(s). Further assume Kq1 =
{Kimya, Dylan} and Kq2 = {Dylan}. Note that in practice
(and in this example) we do not consider photos in Q(s) that
are not yet annotated, as those photos will simply change the
p values for all i by a constant factor, which will not effect
the ranking. The Event Estimator will then give Dylan a
probability of 2

2
= 1, and Kimya a probability of 1

2
to appear

in picture s.
We now generalize this computation, which is the basis for

all basic estimators. When generating a candidate list for
some photo s, each estimator considers some set of photos
Q(s), and their annotated identities. The prior probability
for each person i to appear in s is computed by the formula

p(i, s) =

∑
q∈Q(s) Kq(i)

|Q(s)| (2)

which produces a prior estimation of the frequency in which
person i appears in the set Q(s). Table 1 summarizes the
basic estimators.

Table 1: The basic estimators and the set of photos
each estimator considers when ranking candidates
to appear in photo s.

Estimator Q(s) = ?

Event E(s)
Location L(s)

Neighboring Nloc(s)
Time-neighboring Ntime(s)

Global S (all photos)

To give another example, the Global Estimator (bottom
line of Table 1 simply assigns a prior probability for each
person according to the frequency in which the person has
appeared in the entire photo collection.

If reliable face detection were available, we could make
the computation somewhat more accurate. For example,
assume that for some photo q1 the system knows that the
user annotated all the people in the photo, say Kq1 = Iq1 =
{Nick, Dylan}. For another photo q2 the system knows
Kq2 = {Kimya}, but assume the system also knows there
is some other, still not annotated, person in that photo. If
our set of photos to consider is Q(s) = {q1, q2, s}, is Nick

more likely to appear in s than Kimya? According to our
model, Nick is not more likely (both have a prior of 1

3
). But

while we know Kimya does not appear in q1, Nick may or
may not appear in q2 – possibly making him more likely to

appear in s. We can compute p(i, s) =
∑

q∈Q(s) p(q,s)

|Q(s)| . Note

that this formula is slightly modified from Eq. 2, in that we
sum over the probabilities rather than Kq (Eq. 1). More
importantly, this formula is recursive but can be either sim-
plified or computed iteratively until a fixed point is reached.
However, the problem with this approach is that the system
needs to know in advance the number of people that appear
in each photo in the set, an additional requirement that is
not necessarily available without reliable face detection.

These basic estimators address the temporal re-occurrence,
spatial re-occurrence, and popularity guidelines mentioned
above. Next, we introduce the co-occurrence estimators.
Then we discuss ways to combine different estimators.

4.2 Estimating Co-occurrence: PeopleRank
The PeopleRank estimators aim to harvest the relation-

ships between people. Such relationships naturally exist in
personal photo collections due to the human nature of social
interaction. In our system the relationships emerge from the
annotation of photos. For example, the system may learn
that Kimya often appears in photos where Nick appears, or
that Dylan often appears together with both of them.

We define two ways in which people can be related: if
they appear together in some event (PeopleRankevent), or
if they appear together in a single photo (PeopleRankphoto).
More formally, i and j are related if for some event E we
have i, j ∈ KE , where KE is the set of identities known in
the set of photos E. Similarly, if i, j ∈ Ks for some photo
s, they may be related. Though we relate people just by
the concepts of co-occurrence in events or in single photos,
other “connections” are possible, for example, if both i and j
appear in the collection during the same day. Generally, any
co-occurrence in a semantically-connected set of photos can
suggest a relation between people. Again, we only use the
“event” and “single-photo” sets in this work. For the rest
of this section we mostly use the event-based relationship.
The single-photo case is analogous.

The problem can now be formulated in terms of connec-
tions between people, rather than patterns in appearances
of a single person. We can ask, “given that person i appears
in photos from event E, which other people are likely to
appear in photos from this event?” (or in the single photo
case, “given i appears in photo s, who is most likely to also
appear in s?”)

To answer this question we use the PeopleRank estima-
tor. We re-formulate the question in terms of links be-
tween people. The link between two people j1, j2 has a
weight that represents the total number of events (or photos,
in the analogous case) where both people appear together:
W (j1, j2) =

∑
∀E KE(j1, j2) (function KE(j1, j2) is defined

similarly to Eq. 1). The links between all people compose a
graph, and the weight represents the strength of connection
between each pair.

Back to our question, if we know that Nick appears in
the event, the likelihood assigned by PeopleRank for other
people to appear in the event is relative to the weight of their
link to Nick. If Dylan appears in 4 events together with Nick,
and Kimya had 8 co-occurrences with Nick, Kimya is twice
as likely to appear in an event, given that Nick appears,



than Dylan.
More formally, if j1 is known to appear in a given event, we

assign a score for j2 using the formula PeopleRank(j2|j1) =
W (j1,j2)∑
i∈I W (j1,i)

(the denominator is used as a normalizing fac-

tor). The estimator ranks all candidates based on this score,
and suggests the top candidates to the user.

So far, our computation is based on a single person that
is known to appear in the event. Often, though, more than
one person is known. How do we compute the score for j if
we know that both i1 and i2 appear in the event?

Instead of having to compute 3-way (or n-way) correla-
tions, we leverage the social factor and generalize the prob-
lem to be naturally supported by the PeopleRank approach:
“given that the set of people i1, . . . in appear in photos from
event E, which other people are likely to appear in photos
from this event?” or in human social terms, “who is most
connected to this group of people?”. To answer this ques-
tion using PeopleRank, we simply collapse all the nodes
i1, . . . in into one group node. We treat the group as one
person, and re-compute the links to all other nodes in the
graph. The link weight from the group node to j is the num-
ber of events in which j appeared with at least one of the
people in i1, . . . in. We can then rank all persons based on
their score given the group. For example, Kimya may have
appeared 10 times with either Nick or Alex (or both), and
Dylan appeared 8 times with either one of them. Kimya is
more likely than Dylan to appear in an event that Nick and
Alex both appear in.

To summarize, at any point of the user interaction, the
PeopleRankevent estimator will generate a list of sugges-
tions for the given photo s based on event co-occurrence
with a person, or a set of people, known in event E(s). The
score PeopleRankevent assigns to people already known in
the event is 1, thereby “subsuming” the Event Estimator,
albeit less accurately (the Event Estimator assigns people
known in the event probabilities according to their frequency
of appearance). Similarly, PeopleRankphoto ranks the can-
didates based on photo co-occurrence with the people in Ks.

Other computations can be performed on the PeopleRank
graph. For example, the system can be extended to support
“indirect” relationships — if Kimya appears with Nick, and
Nick appears with Marvin, Kimya may be likely to appear
with Marvin even if we do not have direct evidence to sup-
port this conjecture. For simplicity and lack of space we do
not handle this case in this paper.

4.3 Combining Estimators
Ideally, we would like to combine the estimators on a

person-by-person basis. Given all the evidence, we would
like to have a single number that evaluates the likelihood
that person i is in photo s. While using machine learning
techniques to learn and classify features may be a possible
direction, a few simpler techniques to combine estimators,
or combine candidate lists generated by different estimators,
yield good results.

Some estimators might be more accurate but not as com-
prehensive than other estimators. For example, the Ntime

estimator, when used with a small time span T (say, 1
minute) may predict well the identity of people if repeated
photos of the same individuals are taken. On the other hand,
if a new person is in the photo, or if no other photos were
taken within one minute from the given photo, the estima-
tor will fail. In other words, false negatives are more likely

than false positives. On the other hand, a different Ntime

estimator with T = One Day, may produce plenty of candi-
dates, but their ranking would not be optimized to photos
taken in the last few minutes, and therefore more prone to
false positives. Other “fine grade” estimators include Nloc

(when R is small), and PeopleRankphoto. The L (location)
and E (event) estimators try to strike a balance between
fine and broad estimators, but even combining them with
other estimators may perform better than L or E alone.

Padding is one way to combine fine and broad estimators.
The fine estimators will generally offer very few, yet very
accurate, candidates. When generating Hs, the system will
choose the first candidates amongst the top-ranked candi-
dates by a fine estimator, and the rest (until h candidates
are found) from broader estimators. Of course, if a candi-
date was suggested by one estimator, there is no need for
later estimators to add it to the list. More than two esti-
mators can be combined this way. For example, estimator
Pad1 selects candidates for picture s by padding, using the
following estimators (in this order): Ntime(s) (T =10 Mins),
E(s), Nloc(s)(R =1 Km), L(s). We tried various such com-
binations, as reported in Section 5.

Weighting is another way to combine estimators. In weight-
ing, we pre-assign weights to a set of estimators. When as-
signing a “probability” (or score) for person i to appear in
photo s, we simply compute the weighted sum of the score
that the person receives from each of the estimators we con-
sider. For example, estimator Weighting1 combines scores
from the PeopleRankphoto, Nloc(R=1km), Ntime (T=10 mins),
Event, Location, and Global estimators. For now we as-
signed weights for each estimator heuristically; in the future
the weights can possibly be learned separately for each col-
lection or even for each photo.

5. EVALUATION
For the evaluation of the system, we obtained four differ-

ent personal photo collections. On average, each collection
contained 3246 photos. Each photo in the collections had
time and location metadata associated with it. The loca-
tion metadata in most collections was added manually, by
dragging photos onto a map (for Collection A, the location
metadata was captured as the photos were taken, using a
GPS device). We ran our PhotoCompas application on all
the collections to create the location and event hierarchies.

For evaluation purposes, we had the owner of each collec-
tion annotate the ground-truth of identities of people in each
photo, so we could compare and verify the names that were
suggested by the system. One or more persons appeared
in 31–78% of the photos in each collection. Named individ-
uals — people known to the collection owner — appeared
in 28–72% of the photos in the different collections. Some
statistics about the collections are shown in Table 2.

In the evaluation, we emulated the process of users anno-
tating their photos. Having obtained the ground truth in
advance, we do not require an interaction with human sub-
jects. Rather, we “hide” the ground truth from the algo-
rithm; the process of users annotating photos is simulated
by revealing identities to the system. In other words, we
have a “virtual user” who adds annotations to the system.
We considered two modes for the virtual user:

Industrious Users annotate all the photos with every iden-
tity that appears in each. An Industrious user starts



Table 2: Statistics for the collections used in our
evaluation.

Collection A B C D

Time Span 2 years 6 years 3 years 5 years
Total Number

of Photos 5947 4347 766 1926
Photos Containing
Named Individuals 1673 1295 550 930

Number of
Named Individuals 90 94 32 78

Total Number
of Annotations 2624 1941 985 2389

Avg. Num. of Photos
of each individual 29 21 31 31

with an empty set of annotated photos (K = ∅, to use
the terminology of Section 3). At each step, an indus-
trious user picks the next photo s in time order, and
annotates the identities of all people that appear in s,
helped by the system’s suggestions. At the end of the
process, the collection is fully annotated.

Casual Annotators annotate a certain percentage pannotate

of the identities appearing in photos in their collection.
The purpose of this mode is to evaluate how good the
system’s suggestions are when only a fixed percentage
of the identities are annotated. Thus, in the beginning
of the process, the system initializes itself by randomly
selecting photos and retrieving from the ground truth
some identities that appear in those photos, such that
after the initialization we have

∑
s∈S |Ks| = pannotate∗∑

s∈S |Is|. After initialization, the casual annotator
select one random photo to fully annotate. In our ex-
periment, the user goes through all photos that were
not fully annotated in the initialization step, so that
we get accurate statistics. Each repetition starts from
the same initial state, and selects a photo that was not
picked before.

We omit the evaluation of the Industrious User mode from
the paper for lack of space. We note that performance level
and trends were similar to the casual annotator mode. As
we show in Section 5.2, the performance levels off after a
certain percentage of the photos were annotated. This is
one of the reasons we did not note significant differences
between the two modes.

An important parameter to vary when trying to model
user interaction is |I|, the number of different people that
are of interest to be annotated in the photo collection. For
example, some users are mostly interested in annotating
photos of their close family and friends, while others an-
notate every person that appears in their collection. As |I|
grows, we expect any label-suggesting algorithm to decrease
in accuracy, as there are more candidates to choose from.

To evaluate the impact of |I|, we create several synthetic
scenarios with different sets I, based on the full set of ground-
truth annotations from the user. Let the full set of people
that appear in ground-truth labels be Ifull. We define I`

to be the subset of Ifull containing the ` most important
people in the set. Then we can vary ` and study the effect
on performance. Since we do not have an importance rank
for the people appearing in our test collections, we estimate

importance by measuring popularity: the number of times
a person appears in the ground-truth annotation.

Each evaluation run is based on one of the estimators, or
a fixed combination of estimators. In each evaluation step
at time t, the system uses the estimator to generate Hs(t),
a list of k possible annotations for identities in photo s.

As described in Section 3, Hs is then evaluated as a hit
or a miss, by revealing the ground truth annotation of one
person i ∈ Is−Ks to the system. The evaluation results are
then added to our result statistics.

Since the initialization of K and the selection i ∈ Is −Ks

at each step is done at random, we executed each set of
parameters between 3–5 times on each collection, reporting
the average value of those runs.

Before we report the actual results, a comment regarding
performance is necessary. While we do not have exact exe-
cution times, our system demonstrates no human-perceived
delay in generating the candidate lists (the entire emulated
annotation of all photos is executed in less than a few sec-
onds), making an interaction with a possible human user as
rapid as the user can handle.

5.1 Evaluation Goals
Our evaluation goals range from fine-tuning estimator pa-

rameters, to comparing estimators, to evaluating effects of
system parameters on performance. In more detail, we:

• Compare how the Event and Location estimators, based
on our automatically computed location and event photo
sets (E(s) and L(s)), perform compared to estimators
based on neighboring photos (Ntime and Nloc).

• Evaluate the effect of global parameters such as length
of the candidate list h, and number of interesting people
|I|, on h-hit performance of difference estimators and
estimator combinations..

• Compare the performance of different estimators and
combinations thereof. Does one of the estimators or com-
binations perform significantly better than others?

5.2 Results
For all results in this section, unless otherwise noted, we

used the following parameter base values. The list of can-
didates Hs is limited to 5 identities. The set I for each
collection is the 20 most popular people appearing in the
collection. As mentioned above, we only use the casual an-
notator mode, with size of the initial K set to 20% of the
identities in the photos (pannotate = 0.2).

Figure 3 shows a comparison between the different geography-
based estimators. On the X-axis we plot the 5-hit rate (hit
rate when Hs is limited to five names). We show results
for a number of Neighboring (Nloc) estimators, with vari-
ous values for the maximum distance allowed, R. At the
top row, we show results for the Location Estimator, based
on the location clusters as detected by our PhotoCompas
system. The results are shown for two different sizes of the
starting set of identities, pannotate = .2 or .4. For example,
the second row from the bottom indicates the performance
for Nloc with the distance parameter set to 100km. The 5-
hit rate for this case is 0.83 when pannotate = .2, and a 0.86
when more knowledge is available (pannotate = .4). The fig-
ure shows results only for collection A (the only collection
with accurate, automatic location coordinates). However,



Figure 3: 5-Hit rate for different geography-based
estimators — Nloc estimators with varying distance
limits, and the cluster-based Location Estimator.

the results for the other collections are equivalent.
We can see in the figure that the Location Estimator is

consistently better than estimators based on neighboring
photos, regardless of the radius that is being considered.
When the radius is too small, not enough candidates are
available for the Nloc estimators. When the radius is too
large, too many candidates add noise to these estimators.
Conversely, the Location Estimator offers a semantically co-
herent set of photos that in some way “belong together” (see
the details of how the clusters are created in Section 3.2 and
in [8]), and therefore performs better.

In contrast, the automatically-detected events did not per-
form better than all time-neighbors estimators Ntime. Fig-
ure 4 shows the 5-hit rate for various time-based estima-
tors, averaged over all collections. In the top row, we see
the results of the Event Estimator, while the other rows
show the time-neighboring estimators Ntime, varying the
maximum-allowed time difference T . We can see that per-
formance improves as we increase the time span. In fact,
even when we used a time span of 20 days for Ntime, the
performance stayed at the same level. To summarize, the
Event Estimator did not perform better than the long time-
neighboring estimators. The reason may be that our sys-
tem is aggressive in splitting events, preferring to err on
the side of over-segmentation, while people that appear in
photos may linger around for a longer time (for example, a
visit from Kimya that lasts a few days and contains a few
photographed events). However, we suspect that the event
concept will be more robust to changes in h, compared to a
fixed time-neighboring estimators.

We examine the performance of the PeopleRank estima-
tors and their combination in Figure 5. The figure shows
the 5-hit rate for each collection and each estimator. We
show results for the PeopleRankphoto (top row) and the
PeopleRankevent (second row from the top) estimators. We
also show two combinations of the estimators: PeopleRankphoto

padded with PeopleRankevent, and an equally-weighted com-
bination of the two PeopleRank estimators (see Section 4.3
to recall the Padding and Weighting methods for combining
estimators). For example, the 5-hit rate for collection C,
using candidates from PeopleRankphoto padded with candi-
dates from PeopleRankevent, is 0.86. A key observation
from the figure is that not all photo collections are cre-
ated equal. For example, while PeopleRankevent performs
worst for collection D, the same collection enjoys the best

Figure 4: 5-Hit rate for different time-based estima-
tors — Ntime estimators with varying time limits,
and the Event Estimator.

Figure 5: Performance of the PeopleRank Estima-
tors and their combinations, for each collection.

PeopleRankphoto performance. In other words, collection D
was easier than others to predict who is in a photo based
on known people in the photo. At the same time, collection
D was harder than other collections to predict who is in an
event based on people known to be in the event.

Also note that both combination of the PeopleRank es-
timators yielded performance similar to PeopleRankevent

alone, improving mainly for collection D. As we show next
that other estimator combinations involving the PeopleRank
estimators perform even better.

The next few figures give a clearer picture about the over-
all system performance. In the figures, we show results for
the basic estimators, and the two best-performing combi-
nations. The first combination is based on weighting all
estimators, using equal weights for all but the Global Es-
timator, which is weighted lower. The second combination
is based on padding the results of the Event, Location and
Global estimators, in that order. For illustration purposes,
we use the Random Estimator, which simply ranks people
already known in K in a random fashion for each photo s.

Figure 6 shows the h-hit rate for the basic estimators and
various combinations as we vary the value of h (number of
candidates in the list Hs). The Nloc and Ntime are tuned
to 1km and 10 mins, respectively (i.e., tuned to accuracy
rather than completeness). The h-hit rates are averaged
over all executions and all collections for each point. For
example, when h = 3, the Weighted estimator suggested an
identity that was indeed in the photo for 81% of the new
annotations.
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Figure 6: H-Hit rate (averaged over all collections)
for various estimators vs. value of h.

We note a few observations about Figure 6, from the best-
performing estimator down. We see that the two combined
estimators perform better than any other estimator. The
Weighted estimator performs best, slightly better than the
Padded estimator. Other padded estimators also performed
well, but are not shown in the figure. Also, we tried a
Weighted estimator that assigned no weight to PeopleRank
– it performed only slightly worse than the Weighted esti-
mator shown in the figure.

The basic estimators, by themselves, do not perform as
well. However, the Location, Event and the PeopleRankevent

estimators perform better than the naive Global Estimator
that ranks people by their overall frequency. The more spe-
cific basic estimators, Time-Neighboring (Ntime) and Neigh-
boring (Nloc) suffer from false negatives (not enough can-
didates), since, as explained above, their tuning parameters
were set very low. This is especially notable for Ntime which
does not improve much as h grows, such that it is compara-
ble to the Random Estimator performance level when h = 5.
Again, this is mostly due to false negatives.

We performed the same comparison for pannotate = 0.4
(i.e., the initial annotated corpus is 40% of all identities).
The relative performance of the different estimators is roughly
the same, as all estimators are now performing slightly bet-
ter given the additional knowledge. However, the Ntime

estimator is the only one doing significantly better (hit rate
is up by 0.1 for h = 1, and similarly for other h values),
showing that, indeed, false negatives are its main shortfall.

Figure 7 shows the analysis of estimator performance when
we vary the number of “important people” in the collection:
the number of people we assume users would like to label,
or |I| (as a reminder, for all other figures we had |I| = 20).
Naturally, the more candidates there are (larger set I), the
tougher it is for the system to correctly guess who appears
in a given photo. For example, the Weighted Estimator has
a 5-hit rate of 0.94 when the users are only interested in 10
people, and 0.84 when 50 people are of interest for annota-
tion. Indeed, the performance of all estimators drops as the
size of I increases. However, only the Random Estimator
and the naive Global Estimator degrade quickly as the size
of I increases; the other estimators show better stability. In
fact, the Ntime estimator is the most invariant to changes
in I, once again demonstrating its accuracy and resilience to
false positives.
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Figure 7: 5-Hit rate (averaged over all collections)
for various estimators vs. size of the important peo-
ple set I.

Figure 8: 5-Hit rate for the different collections, us-
ing the Weighted Estimator and varying values of
pannotate.

To illustrate the rapid improvement in the quality of the
candidate list, and show the difference in performance be-
tween the different collections, Figure 8 displays the 5-hit
rates of the Weighted Estimator for each of the collections
in our experiment. The figure shows the effect of pannotate,
the percent of identities in photos annotated during initial-
ization, on performance for each collection. For example,
when half of the identities in the photos are annotated, the
Weighted Estimator performs at a 5-hit rate of 0.98 for col-
lections A and C. Even when only 10% of the identities are
annotated, the 5-hit rate ranges from 0.74 to 0.86; when as
little as 1% of the identities in photos are annotated, the
hit rate reaches 0.54 to 0.71, and rises rapidly. Moreover,
performance for all collections exhibits similar trends, sug-
gesting that our system may perform well for different types
of users. Of course, only a broader investigation which is
beyond the scope of this paper can verify this claim.

6. CONCLUSIONS AND FUTURE WORK
We have shown that our system can provide accurate iden-

tity label suggestions for users annotating their photo collec-
tions. These suggestions are based on temporal, spatial and
social context: we leverage patterns of spatial and temporal



re-occurrence of people in the photo album, as well as co-
occurrence of different people in the album. Those patterns
emerge during the annotation process.

In most cases, when a user tries to annotate an identity
in one photo, our system correctly suggested at least one
person that appeared in the photo, even when limiting our
suggestion list to as few as five identities. The success rates
for our top methods were 80–90% or higher, even when as
little as 10–20% of the identities in the photos were previ-
ously annotated.

The short list of candidates will allow users to annotate
their photo collection more rapidly, even on a small-screen
device. While we were not concerned (in this paper) with
the design of the interaction, one possible approach is using
a Pie Menu where the user is shown a few easy-to-select
options, including an additional menu option to expand the
list of candidates.

Another immediate direction for future work is to test our
system with a larger number of collections. This will allow
us to tune the various parameters; alternatively, we can en-
hance the system with machine learning algorithms that will
adjust the parameters for each collection. In addition, test-
ing a system with human users will be informative in other
ways: are users likely to do more annotation when they are
helped by the system? Or are they quickly frustrated when
the system does not provide a correct list?

One other possible direction is adding more context-based
estimators. For instance, following the example in [1], are
some people more likely than others to appear in a photo if
it is taken on a weekday morning, vs. a weekend afternoon?

Most importantly, we would like to combine our context-
based approach with face detection and face recognition al-
gorithms, hopefully creating a system that performs better
than each technique by itself. A possible direction is to use
our system to generate, for each photo, a short list of can-
didates and a prior probability for each. This data can be
given to the face recognition system. Since the recognition
system will have fewer candidate to consider, we expect its
accuracy to improve. The system can then assign a final
score based on the analysis of the visual features and the
prior context-based probability.

Lastly, transcending label suggestions, we aim at the real
user need: we plan to build a system that combines context-
and content-based techniques to support accurate retrieval
of photos by identity. The retrieval will include photos that
were not yet annotated, while still minimizing the effort
users need to invest in annotation.
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