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Abstract Semantic scene classification is an open problem
in computer vision, especially when information from only
a single image is employed. In applications involving image
collections, however, images are clustered sequentially, al-
lowing surrounding images to be used as temporal context.
We present a general probabilistic temporal context model
in which the first-order Markov property is used to integrate
content-based and temporal context cues. The model uses
elapsed time-dependent transition probabilities between im-
ages to enforce the fact that images captured within a shorter
period of time are more likely to be related. This model is
generalized in that it allows arbitrary elapsed time between
images, making it suitable for classifying image collections.
In addition, we derived a variant of this model to use in or-
dered image collections for which no timestamp informa-
tion is available, such as film scans. We applied the proposed
context models to two problems, achieving significant gains
in accuracy in both cases. The two algorithms used to imple-
ment inference within the context model, Viterbi and belief
propagation, yielded similar results with a slight edge to be-
lief propagation.
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1 Introduction

1.1 Motivations

While image and video analyses share many important char-
acteristics, they differ greatly in the availability of tempo-
ral context. An image or video frame’s temporal context in-
cludes those images or frames that are temporally adjacent
to it, and the timestamps on the image and its neighbors. Be-
cause of the lack of such context information in single still
images, image understanding in this realm has been recog-
nized as more difficult than that in video streams [20]. How-
ever, image collections (e.g., photographs from film scans
and digital camera downloads) represent a middle ground
between the two. In this study, an image collection may con-
tain multiple events, as shown in the examples later in the
paper. Individual events, groups of images that are semanti-
cally and temporally related (e.g., an indoor party or an out-
door picnic) may be classified with a single class. However,
in practice, this requires pre-segmentation of the collection
into events. In general, the images in a collection belong to
multiple classes.

Drawing an analogy with another genre, image collec-
tions are more like comic strips (or storyboards) than ani-
mated cartoons, series of images not nearly as tightly cou-
pled as video frames, but still related to one another as part
of a photographer’s story. If a collection’s photos were cap-
tured hours apart, this context may be meaningless, but if
they were captured mere seconds apart, the content is very
likely to be related; digital cameras provide timestamps to
distinguish the two situations.

The value of context for recognition has long been appre-
ciated by various research communities. Temporal context
is used in speech recognition: humans can understand phone
conversations even when some of the syllables or words are
muddled by noise, and all successful automatic speech rec-
ognizers use temporal context models. In computer vision,
spatial context has been shown to improve object recogni-
tion [22, 28]. In video processing, researchers also make
strong use of temporal coherence for recognition purposes
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[14]. However, temporal context in image collections is a
largely untapped resource.

In this paper, we develop and exploit temporal context
models for the purpose of automatic scene classification of
single images in photograph collections. Automatically de-
termining the semantic classification (e.g., mountain, sunset,
indoor) of an arbitrary image has many useful applications,
such as content-based image enhancement and organization
[21].

We employ an integrated approach, first classifying im-
ages solely using content embedded in pixels and then im-
posing a temporal context model (i.e., a Hidden Markov
model) consisting of entire image collections. In the Hidden
Markov model, the observed states correspond to the out-
put of a classifier based on image content (color and texture
features) and the hidden states correspond to the true class
of each image. Without temporal context, each pair of ob-
served and hidden states for the same image would be the
same. We show that the temporal context model helps im-
prove the overall classification accuracy by correcting mis-
takes made by the content-based classifier, with little com-
putational overhead. While with some difficulty it is possible
to integrate the temporal constraints directly into the classi-
fier, an advantage of this modular approach over integrating
the temporal constraints directly into the classifier is that the
temporal model can be used in conjunction with any content-
based classifier, which itself may be improved upon in the
future. Moreover, within this framework, we can accommo-
date content-based classifiers that are binary or real-valued
in nature.

It is noteworthy that the applications themselves are not
the central issues of this paper. Instead, we propose a gener-
alized, probabilistic temporal context model that is a func-
tion of the elapsed time between images, such as can be de-
rived from digital camera timestamps. When elapsed times
are unavailable, as with film scans, this model degenerates
to a special case, in which only the relative order of im-
ages is exploited. This probabilistic model is an integrated
and principled approach to exploit temporal correlation and
image content as opposed to an ad hoc approach (for exam-
ple, heuristic rules or temporal smoothing). In some sense,
our approach is similar in spirit to edge-preserving image
smoothing because it allows for (temporal) discontinuity.
We confirm the intuition that using a model with richer
(elapsed-time) information increases performance more sig-
nificantly in the context of two image classification prob-
lems. Furthermore, we can treat video classification as a spe-
cial case (with constant elapsed time between frames) of the
proposed temporal context model.

The main contributions of our work are a general (with
respect to variable elapsed time), probabilistic temporal con-
text model and its applications to scene classification prob-
lems. This model is applicable to scenarios both with and
without elapsed time. In addition, our algorithm does not
require pre-segmentation of the images into events, where
event boundaries would need to be determined manually (la-
bor intensive) or automatically (error prone [19]).

1.2 Related work

Semantic scene classification has been studied extensively
in recent years (e.g., Refs. [3, 21, 24, 27, 29]). Most current
systems rely on the low-level content (e.g., colors, textures,
edges) of the image only and have achieved limited success
on constrained image sets (e.g., the Corel database). How-
ever, on unconstrained photographs, scene classification is
still very much an open problem, especially when only im-
age (i.e., pixel) information is used.

Meanwhile, relative time information (elapsed time be-
tween photographs) has been used successfully in two
non-classification applications. First, clustering or group-
ing photographs by timestamps was used to complement
content-based clustering strategies [12, 19]. In [12], Loui
and Savakis first use timestamps alone to determine event
boundaries, and then rely on a series of heuristic tests to
check if the color histograms of the images at event bound-
aries indeed differ. Similarly in [19], a two-stage process is
used by Platt to combine time-based clustering (HMM) and
content-based clustering (color histogram), starting with the
time-based clusters and then splitting any cluster equal to or
larger than 48 images into content-based clusters with an av-
erage size of eight. Second, Mulhem and Lim recently pro-
posed, within the context of image retrieval, to exploit other
images within a temporal cluster [15]. Their metric for rel-
evance between a query Q and a database image D incor-
porates not only the match between Q and D, but also the
match between Q and the best-matching image in the same
temporal cluster as D.

The approach proposed here is primarily for supervised
classification, distinguishing it from the prior work on unsu-
pervised event clustering [12, 19] and image retrieval [15].
While one could use event clustering as a precursor to im-
age classification, that is not necessarily the best approach
because clustering errors would propagate to the classifica-
tion stage and degrade performance. Because our algorithm
operates without the need for clustering, it also avoids the
related overhead. In addition, our probabilistic approach dif-
fers greatly from the rule-based scheme in [15].

Probabilistic inference, with Hidden Markov Models in
particular, has been used extensively for analysis of video
streams, because of the strong temporal coherence between
adjacent frames [1, 5, 10, 16, 23, 27, 30]. By comparison,
image collections pose two unique problems with respect to
temporal context. First, the dependencies between images
are generally much weaker than between frames, because
the elapsed times between images (on the order of minutes)
are much greater than those between typical video frames
(on the order of milliseconds). Second, the elapsed times be-
tween images are highly variable (ranging from seconds to
days), while those between frames are constant. Therefore,
while our work relates to previous work on video collec-
tions, it must use a generalized, more powerful model for
temporal context. Indeed, because our model is built upon
elapsed-time dependent transition probabilities, it allows for
general usage on unconstrained image collections with or
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Fig. 1 An appropriate graphical model for temporally related images
is a Hidden Markov model

without timestamps; video is essentially a special case where
the elapsed time is constant.

2 Probabilistic temporal context model

In this study, we define an image “sequence” as a collec-
tion of photos captured in succession, but with arbitrary
elapsed time between them (as would be the case with a
typical amateur photographer’s collection). We model im-
age sequences using a Hidden Markov model (HMM), rep-
resenting the classes of single images (the random variables,
Ci ) and the observed evidence (the random variables, Ei ) as
nodes in the graph, and the temporal dependencies between
nodes as edges (see Fig. 1).

In image analysis, where the underlying content (e.g.,
classification) of a scene is to be inferred from an im-
age, two independence assumptions are generally made
[4, 7]: scene and observation dependence at each pixel
or region, and locality (each scene node depends only
on neighboring scene nodes). Our problem differs only in
that our observations are for whole images, and the local-
ity refers to dependence across neighboring images. How-
ever, the spirit of our assumptions is the same. First, the
output of a content-based classifier on an image depends
only on the class of that image and no other. Second, the
class of an image depends only on the class of the im-
age immediately preceding it (its temporal neighborhood),
and upon no other images. This locality assumption is the
commonly known Markov property. The directed graphical
model shown in Fig. 1 captures these assumptions. Later
on in Sect. 3.2, we will extend this model to an undirected
graph.

We formalize the problem as follows: let Ci be the
true semantic classification (label) of image i, and C =
{C1, C2, . . . , Cn} be a vector of the classifications of a
sequence of n images arranged in temporal order. The
1st-order Markov property can be stated formally as
P(Ci |{C j }, j �= i) = P(Ci |Ci−1). Let M be the number of
possible scene labels. Let Ei be the evidence based on image
i alone for the class of image i, and E = {E1, E2, . . . , En}
be the corresponding evidence vector for the sequence. We
call E content-based evidence, because it is derived from the
content (e.g., color and texture) of the image. We emphasize
that E corresponds to the output of the content-based classi-
fier, and furthermore is a real valued number as opposed to a
binary value. In other words, the classifier outputs a value in

[0,1] with 0 corresponding to highest confidence in one class
(e.g., indoor) and 1 corresponding to highest confidence in
the other class (e.g., outdoor). In the terminology of HMMs,
the classes are the (hidden) states and the evidence is the
observed output.

Our goal is to determine the maximum a posteriori
(MAP) solution, i.e., maximize the probability of classifying
the sequence of images correctly, given both the content-
based evidence and the context relationships between im-
ages. In this formalism, our goal is:

arg max
C

P(C |E) = arg max
C

P(E |C)P(C)

= arg max
C

(
N∏

i=1

P(Ei |Ci )

)
P(C) (1)

The derivation is standard for HMMs [13], Bayes’ rule fol-
lowed by our first assumption above. Note that P(E) is
fixed at run time and thus does not affect the result of
MAP estimation. In other words, P(C |E) is proportional to
P(E |C)P(C), so when we take the argmax with respect to
C, they are equivalent. We discuss learning P(Ei |Ci ) and
P(C) in Sect. 5.

3 Inference algorithms

We now discuss two inference schemes for imposing the
temporal context models, one for directed graphs (HMMs)
and one for undirected graphs. The first is the Viterbi
algorithm [6], used as in speech recognition, to find the most
likely sequence taken as a whole. The second is the max-
product version of belief propagation [7], used on an undi-
rected version of our temporal context model.

We include the undirected context model to obtain a
more comprehensive comparison. The correlation between
photographs is not necessarily dependent on time progress-
ing in a forward manner; there is nothing fundamentally
wrong with looking at the correlation backwards on our im-
age sequence, for example. Backwards correlation has been
exploited in speech recognition [9] where later words in a
sentence or syllables in a word disambiguate earlier ones,
even though humans are not naturally wired for that. Max-
product belief propagation allows us to explore correlation
in both directions between photographs. Intuitively, a richer
context can be exploited for potential benefit.

The directed and undirected versions each have their
own method of expanding and simplifying P(C) using the
Markov property.

3.1 Viterbi inference algorithm

In real-time speech recognition, one usually models the prior
probability P(C) using a bigram model (in which the con-
text of each state consists of the previous state only). Using
the chain rule successively and then applying the Markov
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property for bigram models gives Eq. (2). In the last line, we
define P(C1|C0) = P(C1) for notational convenience.

P(C) = P(CN |C1 . . . CN−1)P(C1 . . . CN−1)

= P(CN |C1 . . . CN−1)P(CN−1|C1 . . . CN−2)

. . . P(C2|C1)P(C1)

=
N∏

i=1

P(Ci |Ci−1) (2)

To maximize Eqs. (1) and (2), a brute force algorithm re-
quires complexity that is exponential in the number of im-
ages. However, because the conditional probabilities “flow”
in one direction only, we may use the Viterbi algorithm,
an efficient dynamic programming algorithm, to perform
the optimization [6, 13]. The Viterbi algorithm iterates for-
ward through the list, keeping track of, for each state, the
optimal path (maximal probability) to that state from the
start, then backward, to read the optimal path. The effi-
ciency is gained because the optimal path to any state Si
must contain one of the optimal paths to state Si−1, al-
lowing local computations at each node [13]. The Viterbi
algorithm has complexity of only O(M2N). In scene clas-
sification, M is typically small (e.g., M = 2 in indoor-
outdoor classification), yielding time linear in the sequence
length.

3.2 Belief propagation (on an undirected graph)

With an undirected graph, we assume that the class of an
image depends only on the classes of the images immedi-
ately preceding and succeeding it (its temporal neighbor-
hood), and upon no other images.

Markov networks, in the form of Markov random fields
(MRFs), have been used in the computer vision community
for problems of inferring scenes from images (e.g., [4, 7]).
However, the 2D grid used in those cases contains loops (as
opposed to a simple chain), for which no exact efficient in-
ference algorithms exist. Typical inference in this topology
is done using greedy [2, 4] or stochastic methods [8, 17]. Be-
lief propagation [7] is a message-passing algorithm that suc-
cessfully ignores these loops in many graphs (and is exact
in topologies without loops, such as ours). It is a generaliza-
tion of Pearl’s algorithm for inference in Bayesian networks
[18], in which messages passed in opposite directions do not
interfere.

In belief propagation, each node (i.e., image in our study)
calculates its own Maximum a Posteriori (MAP) estimate
of the scene class. The factorization of P(C) is different for
each node; its derivation for node i is as follows.

P(C) = P(Ci )P(C1 . . . Ci−1, Ci+1 . . . CN |Ci )

= P(Ci )P(C1 . . . Ci−1|Ci )P(Ci+1 . . . CN |Ci )

= P(Ci )

(
i∏

k=2

P(Ck−1|Ck)

)(
N−1∏
k=i

P(Ck+1|Ck)

)

(3)

This corresponds to the following message passing algo-
rithm for the MAP estimate at node j (specific to chain topol-
ogy, see [7] for derivation of the general case). For chains,
the MAP estimate is:

arg max
C j

P(C j )P(E j |C j )L( j−1) j (C j )L( j+1) j (C j ) (4)

P(C j ) is the prior on image j, P(Ei |Ci ) are the same output
probabilities used in the Viterbi algorithm, and the likeli-
hood messages Lkj (C j ) from node k to node j about scene
class C j are calculated using:

Lkj (C j ) = max
Ck

P(Ck |C j )P(Ek |Ck)L̃lk(Ck) (5)

where the L̃ are the messages from the previous iteration
(initially set to 1) and node l is node k‘s other neighbor.
Note that E (evidence) and C (class) in our notation corre-
spond to y and x, respectively, in the notation of [7]. Mes-
sages are passed until the MAP estimates converge. Because
our topology contains no loops, it is guaranteed to converge
to an exact solution in linear time (at most N steps).

4 Elapsed time-dependent transition probabilities

The transition probabilities, P(Ci |C j ), model temporal con-
text between images. For example, if an image is both pre-
ceded by and succeeded by images of indoor scenes, we
might well expect that it, too, is of an indoor scene. Tran-
sition probabilities govern the strength of class relationships
between neighboring images. However, an integral part of
this work rests on the following observation:

Transition strength between two images increases as the
elapsed time between them decreases

For example, two adjacent images captured 17 s apart are
almost guaranteed to be of the same event, while ones cap-
tured three weeks apart are probably unrelated (or even if
semantically related, e.g., of the same place, they are not
capturing the same event). We formalize the fact that transi-
tion probabilities are dependent on elapsed time as follows.
Let τ be the elapsed time between two neighboring images,
and the probability distribution e(τ ) (e.g., exponential), be
the prior on elapsed time. The class of an image is condi-
tioned on the class of the previous image and the elapsed
time between them: P(Ci | Ci−1, τ ), where the Ci are dis-
crete and τ is continuous. This conditional distribution can
be specified using M(M-1) functions (i.e. the number of free
parameters, given that probabilities must sum to 1), which
we denote as transition functions. For example, consider the
transition function P(Ci = c|Ci−1 = c, τ ), corresponding
to adjacent images having the same class (Fig. 2), e.g., c =
indoor. Ideally this function is expected to decrease mono-
tonically (because the photographer can only move so fast)
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τ
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Fig. 2 Transition function for P(Ci = c|Ci−1 = c, τ )

and approach the prior P(Ci = c)in the limit as τ → ∞.
The transition functions are appropriate for use in situations
with or without timestamps.

5 Learning

The graphical model requires two types of probabilities:
transition probabilities and output probabilities. Each of
these probabilities was learned from data (but understand
that they are intuitive enough to be fine tuned by experts);
we reference those learned for the indoor-outdoor classifi-
cation problem throughout our discussion. We start with the
transition probabilities, both dependent upon and indepen-
dent of elapsed times.

5.1 Elapsed time-dependent transition probabilities

Each pair (i, i+1) of adjacent images in a test sequence has
an associated elapsed time τ i between them. We have three
options regarding how to determine the transition probabil-
ity with respect to τ i . The simplest is to discretize τ i using
discrete time slices and use it to index into the discretized
transition probability functions (i.e., the slices in Fig. 3).
Another is to create these discrete transition functions and
then interpolate between them for values of τ i between the
slices. This method may be more precise if there is a large
difference between transition probabilities in adjacent bins
(assuming that the transition probabilities change smoothly
over elapsed time). Third is to model the decrease in transi-
tion strength using a continuous function and use τ i directly,
which is helpful if the data is noisy. We chose the first option,
due to its simplicity and faithfulness to the data. Moreover,

Fig. 3 Elapsed time-dependent temporal context model. The transition
probabilities used between two images are a function of the elapsed
time between them. As τ → τn , the probabilities approach the class
priors

this alleviates the need for large amounts of training data
because the number of bins is relatively small.

We consider a discrete slice, S j = [τ j , τ j+1), of elapsed
times (e.g., 5–15 min). To determine the transition probabil-
ities for two images with elapsed times in S, we need to cal-
culate the probability:

P(Ci |Ci−1, τ ∈ S j ) =
∫ τ j+1
τ j

P(Ci |Ci−1, τ )e(τ ) dτ∫ τ j+1
τ j

e(τ ) dτ
(6)

This simply means that to find the discretized transition
probability for a time slice, we integrate the continuous tran-
sition probability function over the interval corresponding to
the slice and normalize it by the probability of that interval
of elapsed time.

Calculating P(Ci | Ci−1, τ ) directly is nontrivial. A rea-
sonable discrete approximation can be easily obtained from
our training data by partitioning the image pairs in the train-
ing set according to elapsed time, counting the number of
pairs in each partition, and then normalizing the frequen-
cies to obtain the appropriate probabilities (e.g., Table 1).
We used non-overlapping slices that increased exponentially
in length, mitigating the fact that the bins contain a mono-
tonically decreasing number of images per bin.

The discretized transition probabilities can be visual-
ized as a 3-D matrix, in which the added dimension is
elapsed time, τ (see the example of indoor-outdoor transi-
tions in Fig. 3). Each plane of the matrix is a 2-D matrix
P(Ci |Ci−1, τ = τk). As stated, the strength of the transi-
tions is expected to drop as elapsed time increases, asymp-
totically approaching the prior probabilities of each class.
The planes are not uniformly spaced with respect to τ for
the reasons discussed above.

5.2 Marginalized transition probabilities

When elapsed time information is unavailable, one needs
to use the marginal probability over elapsed time. This is
obtained by calculating the transition functions (Eq. (7)),
over the whole elapsed-time domain (SD = [0, ∞)). This
is equivalent to finding the average of the discrete slices Si
(from Table 2), weighted by the proportion, NS j , of train-
ing images in each slice (i.e., the probability distribution of

Table 1 Elapsed-time dependent transition probabilities learned from
data set D1. Note the trend towards the prior probability as elapsed
time increases

P(Ci = in| P(Ci = out|
Time interval Images Ci−1 = in) Ci−1 = out)

0–30 s 1040 0.994 0.985
30–90 s 528 0.973 0.974
90 s–5 m 260 0.933 0.952
5–15 m 145 0.847 0.849
15–45 m 109 0.897 0.863
45 m–2 h 98 0.803 0.757
2–6 h 62 0.697 0.621
6+h 314 0.707 0.455
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Table 2 Transition probabilities learned from data set D1, marginaliz-
ing over elapsed time, for the order-only case

Ci

Ci−1 Indoor Outdoor

Indoor 0.924 0.076
Outdoor 0.099 0.901

training images over elapsed times):

P(Ci |Ci−1, τ ∈ SD) = ∑
j

NS j P(Ci |Ci−1, τ ∈ S j )

= ∑
j

NS j

∫ τ j+1
τ j P(Ci |Ci−1,τ )e(τ ) dτ∫ τ j+1

τ j e(τ ) dτ

= ∑
j

∫ τ j+1
τ j

P(Ci |Ci−1, τ )e(τ ) dτ

= ∫ ∞
0 P(Ci |Ci−1, τ )e(τ ) dτ

(7)

The derivation is as follows. We find the probability over
the whole time domain by taking the weighted average of the
discrete slices (line 1). Substituting Eq. (6) yields line 2. The
proportion NS j is equal to the integral

∫ τ j+1
τ j

e(τ ) dτ , causing
the two to cancel and yielding line 3. Finally, we can replace
the sum of integrals over contiguous, non-overlapping inter-
vals with the integral over the entire interval. The transition
probability P(Ci |Ci−1, τ ∈ SD) for the indoor-outdoor clas-
sification problem is shown in Table 2, obtained by finding a
weighted average of the rows in Table 1. Conceptually, this
is the same as the weighted average of the slices in Fig. 3.
In essence, when the elapsed time is not available, a statisti-
cally optimal choice for the transition probability is the ex-
pectation of the elapsed time-dependent transition probabil-
ity function. In this way, we unified the two scenarios within
a single temporal context model.

5.3 Output probabilities

Output probabilities P(Ei |Ci ) are relative likelihoods of
observing the evidence, given the true scene class. They
correspond to our confidence in the output of the content
classifier. Because an SVM classifier is binary and produces
real-valued output, we shape the output using a sigmoid
function (as recommended in [26] with an empirically-
determined slope) into a pseudo-probability that image i be-
longs to class 1. When computing the maximum a posteriori
(MAP) solution, only the likelihood of the evidence is im-
portant. We view the SVM output as virtual evidence and use
the same treatment as Pearl (see [18, p. 44]). In this case, we
consider the content-based evidence to be uncertain or fuzzy
input, with probability P(Ei ).

6 Experimental results

We demonstrate the effectiveness of our temporal context
model on two applications: indoor-outdoor classification and
sunset detection.

6.1 Problem 1: Indoor-outdoor classification

Our baseline content-based classifier [21] is a Support
Vector Machine using color and texture features, designed in
a similar way to and improved over [25], which reported an
accuracy of 90% on a different database. We trained it on an
independent set of images not used elsewhere in this study.

Our image database consists of 24,000 pictures with a
wide variety of image content; 56 photographers from three
U.S. cities took pictures over the course of 12 months. We
selected a subset, D1, of 130 manually-labeled image se-
quences randomly sampled from the database (containing a
total of 2049 images). Of these, 1205 were indoor, giving
a prior probability of P(indoor) = 0.588. Each image se-
quence consists of the set of photographs taken by a single
photographer within a 1-week period. Therefore, it generally
contains images from multiple scene classes, and even mul-
tiple semantic events (e.g., sports or birthday party). Note
that a single semantic event may span multiple scene classes;
e.g., a birthday party may include both indoor and outdoor
photos.

We learned elapsed-time dependent transition probabil-
ities from D1 (Table 1). D1 contains images taken by dif-
ferent photographers over different months. Therefore, the
transition probabilities learned from D1 represent averages
and are not specific to individual photographers or seasons.
The undirected graphic model, accounting for temporal cor-
relation in both directions, resulted in a slight advantage
in performance for belief propagation between the two in-
ference algorithms (Table 3). As expected, the strength of
the probabilities diminished as the elapsed time between
images increased. Because there were more indoor images
than outdoor images, the probabilities are not symmetric.
For cases where elapsed time is unavailable, we obtain the
bigram transition probabilities shown in Table 2 through

Table 3 Accuracy of the elapsed-time dependent and independent con-
text models using both inference schemes and various cross-validation
methods

Inference method

Context model Viterbi Belief propagation

None (baseline) 81.0%

Elapsed time
Learn from D1 86.7% 86.4%
Leave-one-out 86.4 86.5
10-fold 86.0 (0.16) 86.5 (0.16)
5-fold 86.1 (0.39) 86.5 (0.39)

No elapsed time
Learn from D1 85.1% 85.3%
Leave-one-out 85.0 85.3
10-fold 85.2 (0.18) 85.4 (0.17)
5-fold 85.0 (0.42) 85.3 (0.41)

Both temporal models clearly outperform the baseline. Note that the margin
of improvement induced by the elapsed time does not change over different
cross-validation schemes. In addition, the differences in accuracy between
the two inference algorithms are small (belief propagation seems slightly bet-
ter). Standard errors are shown in parentheses.
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marginalization. Note that indoor and outdoor probabilities
are non-symmetric because they have different priors.

Due to the shortage of labeled data, we evaluated the
system performance using leave-one-out and various cross-
validation schemes. We split the data set by sequence, of
which there are 130 in D1. Therefore, leave-one-out in this
case should be interpreted as leave-one-sequence-out. Com-
paring performance with various cross-validation schemes
(Table 3), both temporal models clearly outperformed the
baseline. Furthermore, the elapsed time-dependent temporal
context model outperformed the elapsed time-independent
model by a statistically significant margin, regardless of
the cross-validation schemes. For example, using the Belief
Propagation algorithm, the standard error for 10-fold cross-
validation is 0.16% for the elapsed time-dependent temporal
context model and 0.17% for the elapsed time-independent
model, both much smaller than the difference in the mean
accuracies (1.1%). In fact, the largest standard error for ei-
ther algorithm or cross-validation scheme is 0.42%. Note
that the same evaluation is performed for the second appli-
cation of sunset scene detection.

For testing, each image was classified by the content-
based classifier, transition probabilities were calculated
based on elapsed time, and then a temporal inference algo-
rithm (Viterbi or belief propagation) was executed on each
sequence. Accuracy is shown in Table 3. The two inference
algorithms performed approximately the same, with a slight
edge in favor of belief propagation, as described above.

Next, we calculated the effects of the elapsed-time model
by using the elapsed-time independent transition probabili-
ties (Table 2). Both temporal context models clearly outper-
formed the baseline (Table 3), more significantly with the
elapsed time-dependent model. This is mainly because re-
lations between classes of images captured days apart were
(rightfully) not enforced. Figure 4 shows the ROC curves for

Fig. 4 Comparison of the baseline content-based indoor-outdoor clas-
sifier with those improved by the temporal models (with and without
elapsed time). Note that this is not a typical ROC curve because we
want to show the balance between accuracy on each of the two classes

the baseline and both temporal models using belief propaga-
tion (obtained by varying the bias of the baseline classifier).

Our probabilistic temporal context model boosted accu-
racy by correcting a large number of images classified incor-
rectly by the baseline content-based classifier. At the same
time, it also caused very few images to be classified incor-
rectly. Figure 5 shows examples of images for which the
context model changed its classification. The first three se-
quences are examples in which the temporal model helped
correct the baseline classifier’s errors. In each case, if one
views each image in isolation, it is understandable why the
color-texture classifier made errors (for example, the reading
room brightly-lit by sunlight). However, the short elapsed
time between images made the baseline classifier’s predic-
tions unlikely. Conversely, the model biased against the rare
cases in which the photographer moved from outdoors to
indoors and back again within seconds (e.g., sequence 3),
but such errors are a small price to pay for the gains the
model makes. Sequence 4 shows a misclassification that the
model cannot correct because the image was captured in
relative isolation (between two temporally-distinct events).
Sequence 5 shows a misclassification that the model cannot
correct because the image was captured in relative isolation
(between two temporally-distant events). The last sequence
shows a case where no change is desirable, given the long
elapsed time between images.

6.2 Problem 2: Sunset detection

To further demonstrate the efficacy of the context model, we
also applied it to the problem of sunset detection (we use
sunset generically to refer to both sunset and sunrise because
most twilight photographs are of sunsets). Similar to [3],
our low-level classifier was a Support Vector Machine using
spatial color moment features trained on an independent set
of images unrelated to this study. For testing data, we used
a collection of 4678 personal images containing 191 (4%)
sunsets. Figure 6 compares the performance of the content-
only classifier to those with the context models. The benefits
are again clear.

With a problem such as sunset detection, in which there
are many more non-sunsets than sunsets, an operating point
with low recall must often be used to keep a small false
positive rate. However, the primary benefit of the context
model is that for any threshold, many false positives can
be rejected, allowing us to bias the baseline detector in fa-
vor of sunsets in order to increase the recall while holding
a constant false positive rate. Figure 7 shows examples of
gains that the context model can make. The first sequence
is very typical. Indoor scenes under low incandescent light-
ing can be mistaken for sunsets by the color-texture classi-
fier. However, those occurring between images with differ-
ent lighting can easily be corrected. The second sequence
shows sunsets with weak colors that were initially missed
by the color-texture classifier but were eventually recovered
when the context model was used.

Interestingly, from the examples shown for both applica-
tions, the classifier’s error characteristics are different than
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Fig. 5 Image sequences affected by the context model. Elapsed times (in seconds) between images are shown. The first three sequences show
examples in which the model corrected errors made by the baseline classifier. The fourth sequence shows a conceptual error: a rare case where
the photographer walks into a room briefly between taking two outdoor photos. The last two sequences show examples where long elapsed time
causes no change

those of the content-only classifier. Images classified in iso-
lation (based on content) tend to have isolated errors, while
the context model can cause errors to cluster. Arguably, in a
semi-automatic system (e.g., desktop image albuming soft-
ware), these errors would be more convenient for a human
to correct.

7 Conclusion and future work

We have proposed a general probabilistic temporal context
model for scene classification that exploits temporal coher-
ence between neighboring images in the same collection,
especially if captured within a short length of time. The
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Fig. 6 Comparison of baseline content-based sunset detector perfor-
mance with those improved by the temporal context models, with and
without elapsed time. For any false positive rate, the recall of sunsets
can be boosted by 2–10%. Alternately, for a given recall rate, the false
positive rate can be reduced by as much as 20% in high recall operating
points

loopless topology of the model allows both exact and effi-
cient calculation of the MAP solution, adding little overhead
to the baseline content-based classifiers. The context model
is also flexible, allowing for both images with and without
timestamps. We have demonstrated the efficacy of the model
on a pair of two-class scene classification problems, correct-
ing errors made by low-level content classifiers for indoor-
outdoor and sunset detection.

Although using temporal correlation in general and
HMM in particular for image and video clustering has been
attempted with success in the literature [11, 16, 19, 27, 30],
our main contribution is a unified, generalized framework
suitable for exploiting weak and variable temporal context
for (supervised) image classification and (unsupervised) im-
age clustering. In addition, the temporal context and im-

Fig. 7 Two sunset image sequences affected by the context model. In each case, the model corrects an error. The first sequence is typical: indoor
images under low incandescent lighting can often be confused as sunsets, but are easy to correct by the temporal model. The second sequence
shows a burst of sunset images in which two “weak” (cool-colored) sunsets are missed by the color-texture classifier, but corrected by the model

age content are integrated in a principled framework, which
is also amenable to substituting an improved image con-
tent classifier in the future. Furthermore, the tightly coupled
case of video can be considered as a special case of this
model when the elapsed time is extremely short and constant
between frames. The effectiveness of this generalized model
is demonstrated by two applications, yet the main issues ad-
dressed in this paper are not the applications themselves.

In the future, we plan to extend our system to han-
dle multi-class problems such as general scene classi-
fication (e.g., sports, party, etc.) once baseline classi-
fiers are developed. Second, we have only exploited the
first-order Markov property in this work. However, lo-
cal interactions can lead to very long (incorrect) runs of
images of the same class, even when evidence is propa-
gated along the sequence. To address this, we could ex-
ploit the second-order Markov property, i.e., approximating
P(Ci |C1, . . . Ci−1) with P(Ci |Ci−2, Ci−1). Preliminary re-
sults show that while the transition likelihood ratios for the
marginalized first-order model are approximately 12:1, the
ratios for the second-order model change to either 35:1 or
5:1, depending on whether the two previous classes agree or
disagree. Alternately, we could investigate how to incorpo-
rate the expected run length of scene labels into the classifier.
Finally, it may be beneficial to incorporate the absolute value
of the timestamp (i.e., time of the day) for image classifica-
tion (e.g., sunset detection), provided that the photographer
set the time correctly.
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