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Image Annotation Within the Context
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Abstract—Most image annotation systems consider a single
photo at a time and label photos individually. In this work, we
focus on collections of personal photos and exploit the contextual
information naturally implied by the associated GPS and time
metadata. First, we employ a constrained clustering method to
partition a photo collection into event-based subcollections, con-
sidering that the GPS records may be partly missing (a practical
issue). We then use conditional random field (CRF) models to
exploit the correlation between photos based on 1) time-location
constraints and 2) the relationship between collection-level annota-
tion (i.e., events) and image-level annotation (i.e., scenes). With the
introduction of such a multilevel annotation hierarchy, our system
addresses the problem of annotating consumer photo collections
that requires a more hierarchical description of the customers’
activities than do the simpler image annotation tasks. The efficacy
of the proposed system is validated by extensive evaluation using
a sizable geotagged personal photo collection database, which
consists of over 100 photo collections and is manually labeled for
12 events and 12 scenes to create ground truth.

Index Terms—Consumer photo collections, CRF, GPS, scene and
event annotation.

. INTRODUCTION

N recent years, the flourishing of digital photos has pre-

sented a grand challenge to both computer vision and mul-
timedia research communities: can a computer system produce
satisfactory annotations automatically for personal photos? Fur-
thermore, annotation of personal photos requires a higher level
of descriptive annotation of people’s activities. This is beyond
the scope and capability of classic image retrieval systems [38],
[30], [43], [37]: most of these systems were designed for sim-
pler data such as the popular Corel image database and typically
only provide simple image semantics (such as sunset, mountain,
and lake), while the photos taken by personal cameras are much
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more complex and involve different people and various activi-
ties (such as beach time, birthday parties, wedding, and gradu-
ation).

To answer the question “what happened in the photo col-
lection,” we adopt the concept of events to describe the high
level semantics applied to the entire collection. Although of high
value to consumers, it is difficult to detect general events from
a single image, due to the limitation in the content cues observ-
able from a single image and the ambiguity in inferring high
level semantics. In this scenario, an event label is selected to an-
notate a group of photos that form the event. In addition to the
event labels, we are also interested in the environment where a
photo was taken, e.g., was it indoors, in the city, or on the beach?
Such information will be useful for organizing personal photos,
and helpful for searching similarly themed photos from different
users. To this end, we employ scene labels for each photo, which
will not only make our annotation more descriptive but also help
the customers organize and search photos more efficiently.

Although the goal of precise and detailed annotating is ag-
gressive, we argue that it is possible to obtain descriptive anno-
tation of events and scenes for consumer photo collections. One
distinct characteristic of personal photos is that they are orga-
nized, or more accurately, stored in separate folders, in which
the photos may be related to one another in some way. Another
characteristic of consumer photos lies in the meta data recorded
in the digital photo files. Such meta data includes the date and
time when the photo is taken, and sometimes even the GPS lo-
cation of the photo, all of which can be very useful to model
the relationships between photos. While these two characteris-
tics are largely neglected and unexploited in previous research,
this paper will build a novel model which makes use of these
characteristics together with the visual features and is able to
effectively annotate the entire collection of related images in-
stead of isolated images.

Il. RELATED WORK

Image retrieval has attracted much research interest since the
late 1990s, with the goal to search in large databases for im-
ages similar to the query. In a retrieval process, the system as-
signs a score to every image in the database which indicates the
similarity to the query image [38], [30], [37]. Such a similarity
score facilitates the tasks of ranking and searching, but is lim-
ited for describing the content of images. In recent years, there
has been a paradigm shift from query by visual similarity to se-
mantic similarity, which would request more specific concept
detection and annotation. A few recent studies involved image
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Fig. 1. Hierarchical annotation of photo collections.

annotation with multiple labels [5], [14], but nevertheless were
limited to annotating individual photos as opposed to photo col-
lections. As a result, these annotation systems typically focus
on concepts that are related to objects and scenes, and rarely ad-
dress what event an image corresponds to.

To understand better the image semantics, it will be benefi-
cial to consider a collection of images instead of isolated im-
ages. Sivic et al.[34] showed that it is possible to recognize ob-
jects from image collections with the same categories of sub-
jects. Simon et al. [33] tried to find the representative image
from the collection of photos taken in the location. However,
the image collections used in above work are “selected” ver-
sions that are organized by predefined themes and topics, and
furthermore do not contain photos that may not belong to any
predefined classes. We are more interested in understanding the
“natural” personal collections which are related to natural events
and subsequently loosely organized by the consumers into file
folders. Annotation of such natural personal photo collections
did not receive specific attention until recently. Wu et al. em-
ployed web images to learn concept templates in order to query
personal photo collections [40] and they also proposed an active
learning method for relevance feedback [41]. Note that Cooper
et al. [9] and Loui et al. [23] also considered consumer photo
collections, but they did not investigate the annotation problem
as in this paper.

To provide a detailed description for photo collections, this
paper tries to estimate both the scene and event categories. Scene
recognition for single images has been studied in [10], [29],
[19], which is part of the interests of this study. Although the
images in previous work differ in some degree with the con-
sumer photos (e.g., the database in [10], [29], [19] contains no
people in the images), these techniques can be considered as
the baseline of annotation for single photos upon which we can
build our system. In contrast, event recognition has not received

as much attention as scene classification because it clearly con-
cerns higher level semantics, e.g., wedding and birthday, for
which low-level visual features alone are found to be inade-
quate [22]. In previous work, event classification is limited to
video analysis [12], [22], [45] or specific sports activities [3],
[20]. However, with a collection of photos, it becomes possible
to explore the semantic correlation among multiple photos.

This paper integrates both visual content and surrounding
context, i.e., time and location for the annotation task, which
has proven to be an effective way to bridge the semantic gap in
multimedia understanding [24]. The correlation among photos
of the same event is a form of useful context. Our approach to
photo collection annotation employs both visual features and
metadata including both time and GPS. As a new technology,
GPS is mostly used in vehicle navigation and seldom used for
photo classification [1]. Some researchers proposed to use con-
tinuous GPS traces to classify certain reoccurring human ac-
tivities [21], [44]. In contrast, the GPS records associated with
photo collections are discrete, sparse and sometimes missing.
We combine such sparse GPS information together with visual
features for photo annotation. Note that Naaman and colleagues
have done extensive work related to GPS information [27], [26],
[11], [16]. However, such work differs from ours in two aspects.
First, we employ both time and GPS information as contextual
data, and combine that with visual classifiers to recognize dif-
ferent concepts. In contrast, Naaman’s work mainly used GPS
and user tags. Note that our algorithm is designed to handle par-
tially missing GPS information, which is a common problem
for current GPS devices. Naaman’s work did not consider that.
Moreover, this paper and Naaman’s work aim to solve different
problems. Our work tries to annotate photos that do not yet have
tags, while Naaman et al.”s work focused on image summariza-
tion and management by making use of existing tags.

I1l. OUTLINE OF OUR APPROACH

Fig. 1 illustrates the annotation task fulfilled by this work.
To provide a descriptive annotation for personal photos, we in-
troduce two-level annotation for photo collections. In the upper
level, we cluster photos into groups, and assign an event label
to each group to denote the main activity common to all the
photos in that group. The event label can either be one and only
one of the predefined event classes, or “NULL,” which indicates
nothing of specific interest or categorizable. In the lower level,
we assign each photo one or more scene class labels (a multi-
label problem as opposed to a multiclass problem as with the
event classes). In this paper, we will use the two-level model for
the photo annotation task, which we believe will provide more
specific descriptions of the photo collections.

Then the research question becomes: given a collection of
personal photos, how can we generate more reliable annota-
tions compared with using individual photos? Personal photos
are taken in different places and at different times, describing
different activities of different people. Indeed, these diverse fac-
tors make photo annotation a challenging task, especially for the
exiting systems that rely only on visual information from indi-
vidual images. Therefore, it is imperative to explore different
sources of information associated with photo collections.
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Fig. 2. Example of GPS-tagged consumer photos taken by different photogra-
phers at different time and locations. Below each photo, the first row shows the
date and time when the photo was taken, and the second row shows the GPS
tag. Note the month, year, and coordinates of GPS tag are removed to preserve
privacy.

We first explore the correlation between scene labels. We esti-
mate this type of correlation from camera metadata, a useful but
often untapped source of information. Specifically, metadata in-
cludes timestamp and GPS tags. Every digital photo file records
the date and time when the photo was taken (for example, JPEG
file stores tags in the file header). An advanced camera can even
record the location via a GPS receiver. However, due to the sen-
sitivity limitation of the GPS receiver, GPS tags can be missing
(especially for indoor photos). This paper will discuss how to
make good use of such incomplete metadata information. Fig. 2
shows an example of using GPS and time tags to estimate the
correlation between photos. The closer the GPS coordinates and
the shorter the time intervals are, the stronger the correlation ex-
ists between the neighboring photos in their annotation labels.

Second and more importantly, we also consider the relations
between scene labels and event labels. Fig. 3 shows examples
of both possible (solid lines) and impossible (dashed lines) con-
nection between scenes and events. The event “urbantour” can
be linked to “highway” and “inside-city” scene labels, while it
is unlikely to co-occur with “coast™ or “kitchen.” Our system
will discover such relationships from the data, and demonstrate
that combining such relationships should improve the annota-
tion accuracy.

We build a unified model to account for the two types of cor-
relation as illustrated in Figs. 2 and 3. This model first employs
visual features to estimate the probability of isolate events and
scenes, and then use metadata features to enforce the correla-
tion between images and also labels at event and scene levels.
Our work is developed on the basis of the discriminative model
of Conditional Random Field (CRF) in [18], but is different be-
cause we introduce a hierarchical structure in order to infer se-
mantics at both scene- and event-levels in a photo collection.

This paper is organized as follows. Section IV describes our
dataset and the manual labeling needed for our experiments.
Section V presents the basic model for scene annotation, which
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Fig. 3. Correlation between scene labels and event labels.

takes time and GPS information into account. Section VI con-
siders partitioning photos into event clusters. Section VII takes
into account the relationship between events and scenes and
builds our complete annotation model. Experimental results are
in Section V111 and we conclude this paper in Section IX.

IV. DATASET

We built a diverse geotagged photo dataset by camera hand-
outs to different users. Each user took photos as usual and re-
turned the camera with their photo collection. We received 103
photo collections of varying sizes (from four to 249 photos).
These collections include extensive photo content. Some exam-
ples of the dataset are shown in Fig. 2.

Each photo has a time tag, and over half of the images have
GPS tags. Both the time duration and the location range vary
across different collections. The time duration can be less than
one hour, or several days. Similarly, the GPS movement can be
as far as several hundred miles (e.g., road trips) or have negli-
gible change (e.g., one’s backyard).

The dataset is labeled by a combination of the photographers
(whenever possible) and researchers. We are interested in both
indoor and outdoor activities and social events, which are cat-
egorized into 12 events. Note that the 12 events include a null
category for “none of the above,” which means our method can
also handle the collections that are not of high interest. This is
an important feature for a practical system. Consequently, each
photo can be categorized into one and only one of these events.
To make the labeling process consistent, we clarify the defini-
tions of the event labels in Table I.

We also labeled each image with the scene labels using the
class definitions from [31]: coast, open-country, forest, moun-
tain, inside-city, suburb, highway, livingroom, bedroom, office,
and kitchen. Here inside-city includes the original inside-city,
plus street and tall-building, since our annotation task does not
need to distinguish these three. Again, we also add a null scene
class to handle the unspecified cases. Note that a photo can be-
long to more than one scene class, e.g., a beach photo may also
contain mountain, leading to a multilabel problem [6].

V. SCENE-LEVEL MODELING

To model the correlation between the labels, we employ a
conditional random field (CRF) model. CRF is a probabilistic
model first presented by Lafferty et al.for the task of segmenting
and labeling of sequential data [18]. Sutton et al. presented a
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TABLE |
DEFINITIONS OF THE 12 EVENTS

Event name | Detailed definition

BeachFun Containing people playing on the beach.

Ballgames Containing players and the playing field, with or without balls.

The field can be baseball, soccer, or football.

Skiing Containing both snow and skier;on a slope as opposed to a backyard. Not at night.

Graduation At least one subject in academic cap or gown.

Wedding Bride must be present. Better with groom.

BirthdayParty | There should be cake or balloon or birthday hat. Can be indoor or outdoor.

Christmas Christmas decoration, e.g., Christmas tree.

UrbanTour Large portion of the photo should be buildings, (tall or many) and pavement. Not much green.

YardPark Containing either grass or trees. May see short building. No sports field nor pavement.

It should not be close-up of plants/grass/flowers.

FamilyTime | In the family or living room, with more than 2 people.

Sofa or rug must appear, with some furniture.

Dining Containing a table and dishes, with more than 2 people.

Null Event None of above.

dynamic CRF to interpret natural language with long range de-
pendencies [35]. Kumar and Hebert proposed discriminative
random fields to model the spatial dependencies between image
regions [17]. Although the problems studied in [18], [35], [17]
are different from this work, their work suggested that CRF pro-
vides a powerful tool to model the correlation in sequential data.

Different from generative models such as the Hidden Markov
Model, CRF models the conditional likelihoods instead of joint
distributions, relaxing the assumption on distributions. More-
over, the feature function in CRF is more flexible than that in
HMM, which makes it easier to take more features and factors
into account. Let us first address how to model the correlation
between scene labels, using time and GPS tags, and we will gen-
eralize the model for event annotation in Section VII.

When a photographer takes pictures, the surrounding scene
is fairly stable even though he may look in different directions
and at different objects. The less the time and location change,
the less likely the scene labels of pictures can change from one
to another. For example, if one took a photo of a “coast” scene
at one time, it is unlikely that the next picture taken within five
minutes would be “inside-city.” For this reason, there are cor-
relations between the scene labels of the photos that are taken
within a short time interval and close location range.

Before introducing our event-scene model, we first define a
number of notations. In a photo collection, the photos are rep-
resented by x = {x;},7=1,2,..., N. The time tags and GPS
tags are denoted as t = {¢;} and p = {p;}, where p; = NULL
when the GPS is missing.

We use s¥ to denote labeling status of the ith photo for scene
class k&, with 1 < k < 11. Here sf = 1 means the scene label
is true for x;, while sf = 0 means that the scene label is null.
Note that if sf“ =0forall 1 < k£ < 11, it means that x; is not
labeled as any of the known scene labels.

Given the time and GPS, We model the correlation using the
conditional probability of the kth scene as

N
P t.p) = - e (Zﬂk 1 (o)
+ Z Ak tz7t1+1 Di, p7+1))

where “.” denotes the inner product between two vectors.
The Iog-likelihood function for scene & is given by

N
LY =—logZ,+> B £ (xi,s})
=1
N-1

+Z/\’“

where f* stands for the feature function of individual photos
for class &, and ¥ (¢;, ;4 1, pi, pir-1) models the correlation be-
tween consecutive photos in the collection i and ¢ + 1. Z, stands
for a normalization constant. A* and 8" are the parameter vec-
tors that are learned from the training data. L* acts as the objec-
tive function in both the training and testing stages. For training,
we learn the parameters (A*, 8*) which maximizes L*. For
testing, given a photo collection {x;}, {p:}, {¢:}, the labeling
{s*} that maximize (1) will infer the most possible labels.

To obtain the feature function f* for single photos, we employ
the statistical features from [30] and [25]. An SVM classifier is
trained for the public scene dataset [19]. The feature function is

. k[ (1, RE(x))T,
£ (xi,8;) = { (—1,1 — hk(x;))T,

fzvtz—l—l bi, pL+1) (1)

if s¥ >0
if sF =0 @
where h*(x;) is a sigmoid function used to shape the SVM
score, 0 < hF(x;) < 1. Since there is no need to re-scale the

sigmoid function, we can simply take g = (/?’“7 T, so
k ok hE(x;) + B, if s£ >0
£k = L i 3
A1, {1—h’“(x,~)—/3’“7 if sk =0 @)

Given that the larger the differences in time and location are,
the less correlation exists between consecutive labels. More-
over, when the consecutive labels are different, the correlation
function should contribute little to the overall log-likelihood.
With these observations, we define the correlation feature func-
tion as

I' ( ) tt7t]7pt7pj)
T
ek k
{ ( +C)<p(dt”)7 1+0Xp(dp7])) , ifsf = 85
o7 otherwise
4)

where dt and dp denote changes in time and location, respec-
tively. In this study, the time change is quantized in intervals of
a quarter hour, while the location change is measured in units of
a minute of arc on the earth sphere.

Note that the correlation function defined in (4) is able to
handle the situation of partially missing GPS. If p; or p; is
NULL, we treat dp;; = oo and thus (1)/(1 + exp(dp;;)) = 0,
which means that the GPS tags impose no correlations on the
overall log-likelihood function.

Although (1) considers the correlation in both time and GPS,
it is not yet complete since no event labels are involved in this
model; neither is the correlation between scenes and events. In
what follows, we will add event annotation into the framework,
and improve (1) to obtain the complete annotation model.
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VI. EVENT-LEVEL MODELING

In the setting of this paper, our event annotation involves two
tasks: grouping photo into event clusters, and classifying each
cluster into different event categories. Since it is not reliable to
infer the event from single images without considering contex-
tual information, we assign an event label to each cluster instead
of single photos. In other words, all photos in the same cluster
share the same event label. In this section, we first utilize the
time and GPS tags to perform clustering, then validate the clus-
tering accuracy using several criteria, and at the end we present
the feature function for event classification.

A. Event Clustering by Time and Position

Our clustering algorithm is based on both time and GPS fea-
tures. We ignore visual features because the users tend to change
their subjects of interests when taking photos. Consequently, the
visual features often vary dramatically even at the same event.
The time tag is a useful feature for event clustering [23], and
a small time interval may also suggest that the photos were
taken in the same place. However, it cannot reliably tell whether
people stayed in the same place for a long time or they already
moved to another location. We next propose a reliable joint clus-
tering method that makes good use of both time and GPS infor-
mation and is also tolerant to missing GPS data.

Our clustering algorithm works as follows: first, we find base-
line clusters from time only using the Mean-Shift algorithm [7].
Mean-Shift does not require us to specify the number of clus-
ters. Since every photo contains a time tag, the baseline clus-
ters can always be obtained from the entire collection. Next,
for those samples with both time and GPS tags, we compute
the target clustering with the GPS information added. We itera-
tively search from the baseline clusters for a sample that is not
in but close to a sample already in. We add this sample to the
same cluster containing its closest neighbors. This iteration will
be performed until all the photos are added to. This algorithm
is very fast and can obtain real time clustering results even for
folders with more than one hundred of images. The details of
the clustering algorithm are described as follows.

Procedure of our clustering algorithm

Input: Collection of photos. Each photo has a time
stamp, but only some of photos have GPS stamps.

Procedure:

1: Obtain baseline clusters (subcollections) C* by
clustering all the photos using time;
2: Initialize the target clusters C by clustering only the
photos with both time and GPS information;
3: Check whether there are new clusters Ci. C C*, such
that Cf N C' = ®. Add C}, into C as new clusters;
4: Repeat the following until C contains all the photos:
4.1. select one example x; such that
x; € C' x; ¢ C. Then find the
corresponding example x§ € C with
x§ = arg mingec distr(x, x*). Here distr is the
Euclidean distance between the time tags.
4.2. add x; into C with the cluster label the same
as xjy.

Output: C as the final photo subcollections.
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B. Clustering Evaluation

We evaluate our clustering algorithm on a small portion of
our dataset for which the photographers kindly provide ground
truth of event clusters. Since it is impractical to ask all the users
to mark all the clusters, we only evaluated our algorithm on 17
photo collections (1394 photos in total).

There are many metrics for measuring the clustering accu-
racy. In this paper, we utilize two popular ones together with a
new one that fits our requirements. The first criterion is Proba-
bilistic Rand Index (PRI) [28], which counts the fraction of pairs
of samples whose labels are consistent between the computed
cluster and the ground truth, normalized by averaging across all
the clusters in the ground truth. The second one is Local Con-
sistency Error (LCE) [36], which is defined as the sum of the
number of samples that belong to one cluster C; but not Cs, di-
vided by the size of C. Here C; and C5 denote the cluster from
the ground truth and clustering method, respectively.

PRI and LCE use local or global normalization factors, re-
spectively. However, in this study, we have different preferences
on different types of errors: over-partition carries lower cost than
under-partition because it is more difficult to assign the correct
event label when two different events are inadvertently merged.
Neither PRI nor LCE accounts for cost. Therefore, we propose
a new metric called Partitioning Error Cost (PEC).

Suppose the computed clustering is {ci, co, ..., ¢, } and the
ground truth is {g1, g2, .- ., gm . FOr each cluster ¢;, we com-

pute its contribution to the overall error:
0 lelCL =9;

orr; = |eilwi N, else%fEIQs.t.ci:Ujngj,‘
|cilwaNp, elseif 3Ps.t.g; = U cp ey,
il otherwise
where |c;| is the number of samples in ¢,Q C

{1,2,...,m},P C {1,2,...,n}, and Ng and Np are
the number of g; and ¢; in the union, respectively. And w;
and wo are empirically set as 0.1 and 0.2, respectively, which
penalizes under-partition more than over partition. Finally, we
sum up the error cost and normalize it by the total number of

samples:
1
err = ﬁ Z err;.
K3

Our clustering algorithm is evaluated by these three metrics.
Since there is no algorithm that can handle the missing GPS
data, we compare our algorithm with the date-time clustering
algorithm [23] and temporal similarity-based photo clustering
algorithm [9], which are the state of art clustering algorithms
using time only. To make a fair comparison, we choose the un-
supervised algorithm in [9] instead of the supervised ones. Note
that [27] present another clustering algorism based on GPS only.
However, this algorithm is not applicable for our scenarios since
GPS tags of many photos are missed. To make a more infor-
mative comparison, we also compare the simple algorithm that
applies Mean-Shift to time only. Table Il summarizes the eval-
uation results. It is clear that our method obtain the lowest error
by all three metrics. Fig. 4 shows the clustering errors measured
by PEC for all 17 photo collections. Our clustering algorithm
outperforms the other two methods for virtually every folder.

Fig. 5 shows example results of our clustering algorithms
on four photo collections. The clustering results by using time
and GPS (soild red lines) are superior to those using time only
(dashed blue lines), when compared to the ground truth of
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Fig. 4. Comparison of different clustering algorithms. The horizontal axis
shows different image folders, and the vertical axis denotes the clustering errors
measured by PEC.

TABLE II
EVALUATION OF THE ACCURACY OF CLUSTERING ALGORITHMS

events. More accurate clustering lay more reliable foundation
for the subsequent event recognition. In general, using time
only often leads to under-segmentation of clusters and would
cause adverse chain reaction under the event-scene model
because all the photos in each event share the same event class
label.

C. Event Annotation Based on Computed Clusters

After obtaining the event clusters, we impose a feature func-
tion on each cluster. Following the standard practice in video
concept detection [4], [2], we developed an SVM classifier for
the 12 event classes (using software courtesy of University of
Central Florida). We separately collected 200 photos for each
class, and randomly select 70% of these images for training
the multiclass SVM classifier [13]. The remaining 30% of the
photos are used for validation.

Given an event subcollection C, our feature function for event
e is

T

1
b2 Tr o) ©

x;eC

£2(C) =

where ¢°(x;) is the SVM score of photo x; for event e. For our
annotation work, 1 < e < 11 stand for the 11 classes of events,
and for the null event ¢° = 0.

VII. JOINT ANNOTATION OF EVENTS AND SCENES

Some researchers in the field of video annotation observed
that it is beneficial to explore the relationship between different

Fig. 5. Event clustering results on four photo collections (a)—(d). The dashed
blue lines denote clustering results using time only. The solid red lines represent
the results using time GPS information. In both cases, different clusters are
separated by a vertical bar (event boundary).

labels [8], [42]. These results suggest us to consider the label de-
pendency between event and scene labels for images. As shown
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