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ABSTRACT

We propose a novel unsupervised learning algorithm to ex-

tract the layout of an image by learning latent object-related

aspects. Unlike traditional image segmentation algorithms

that segment an image using feature similarity, our method is

able to learn high-level object characteristics (aspects) from a

large number of unlabeled images containing similar objects

to facilitate image segmentation. Our method does not require

human to annotate the training set and works without super-

vision. We use a graphical model to address the learning of

aspects and layout extraction together. In particular, aspect-

feature dependency from multiple images is learned via the

Expectation-Maximization algorithm. We demonstrate that,

by associating latent aspects to spatial structure, the proposed

method achieves much better layout extraction results than

using Probabilistic Latent Semantic Analysis.

Index Terms— Image segmentation, Unsupervised learn-

ing, Image analysis

1. INTRODUCTION

Automatic image layout extraction provides crucial informa-

tion for content-based image processing and understanding.

An image can be considered as a set of objects arranged in a

spatial layout. The layout is one of the basic cues to under-

stand the image and also can be used to guide object analysis.

Layout extraction is different than image segmentation even

though image segmentation also examines the composition

of an image. In comparison, image segmentation methods

partition an image into regions that consist of similar color,

texture, or position. This partition often operates on a sin-

gle image without using any knowledge about objects (Sec-

tion 4 has more discussions). Image layout extraction parti-

tions an image by objects and therefore requires learning of

object information from multiple images. A sample result of

image segmentation and image layout extraction is illustrated

in Fig. 1. It illustrates a common segmentation result obtained

by Blobworld segmentation [1] which uses color, texture, and

position features, and a common image layout extraction re-

sult of our proposed method. Notice the cleaner result ob-

tained in Fig. 1(c) even without using color information; it is

(a) (b) (c)

Fig. 1. (a) Original image (b) Blobworld segmentation (c)

layout extraction using latent aspect learning.

a result of being able to learn from multiple images contain-

ing similar objects. In this paper, we propose an unsupervised

learning approach to extract image layout from a bunch of

unlabeled images.

Image layout extraction is object-related but is different

than two other common image understanding problems: ob-

ject detection and object localization. Object detection aims

at deciding whether or not the image contains the object of in-

terest; object localization finds out the location of the object

of interest. In both problems, the object of interest is specified

beforehand. In image layout extraction, the object of interest

is unknown beforehand; the goal of the system is to under-

stand the composition of the image, and hence it becomes

irrelevant what specific objects compose the image.

We propose to learn unspecific object characteristics by

an unsupervised approach. Unsupervised image understand-

ing systems have many advantages compared to supervised

systems due to the difficulty of image annotation. First, an

image may consist of many objects arranged in a complex

layout. So far there is no common approach to annotating

images at object level. Second, there are many visual illu-

sions showing that different people may have different under-

standings of an image. Third, object level annotation in a su-

pervised system requires manually labelling the location and

categorization of each object in images, which is very time

consuming. It is very expensive to collect large mount of ac-

curate annotated images for constructing a supervised image

understanding system. On the contrary, training an unsuper-

vised system does not need annotated images. Considering

the abundance of images available on the Internet, unsuper-

vised learning methods provide a promising direction.

The method we propose has its root in an unsupervised

learning method called Probabilistic Latent Semantic Analy-
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Fig. 2. The proposed probabilistic graphical model.

sis (PLSA)[2], which has recently been applied to the image

understanding domain [3][4]. This model has earlier been

used in the text and linguistic domains. PLSA is a genera-

tive model, and can be used to interpret how a document of

words is generated. A document is considered as a mixture

of “aspects” (“topics”), and each aspect consists of a mixture

of words. The power of PLSA originates from the fact that

aspects can be learned in an unsupervised manner given a set

of document-word pairs. It is hence capable of accumulating

information from multiple documents.

One important drawback of PLSA, however, is that the set

of document-word pairs ignores the layout or order of words

in a document. PLSA as a generative model is hence gener-

ating a document without structure. In other words, if we ar-

bitrarily shuffle the words in the document around, we get the

same latent aspects (topics)! As a result, the performance of

PLSA still leaves room for improvement. Sivic et al. [3] add

spatial information into the feature representation and leave

the PLSA model unchanged. Our method extends the PLSA

graphical model and explicitly models spatial structure. As

in [5], latent aspects are associated with word positions, but

in this work we do not require the single-modal Gaussian as-

sumption.

2. STATISTICAL FORMULATION

The algorithm we propose is based on the graphical model

shown in Fig. 2. It is a generative model and describes the

process of composing an image. This graphical model is

trained using a number of un-annotated training images, {d1,
..., dD}. We use the ‘plate’ notation of a box surrounding

nodes to denote that those variables are replicated as many

times as their number of realizations. Observed variables are

marked by darker nodes.

2.1. Feature descriptor

From the D training (yet un-annotated) images, the system

determines a number of regions to generate the observation

features. These regions are determined by running the Canny

edge detector and then uniformly sampling points from all

edges. These points are called interest points. Scale Invariant

Feature Transform (SIFT) image features [6] around the in-

terest points are computed. This procedure provides a set of

local feature vectors. Note that SIFT image features are gen-

eral and can be applied to a wide range of different objects

and tasks [6].

To reduce the number of states, we quantize the image fea-

tures into a finite set of visual words [7]. This is achieved by

running k-means clustering on all local feature vectors from

all training images. The resulting cluster centers form the dic-

tionary of visual words {w1, ..., wW }. Visual words serve as

the basic units that form the observations of an image. For

each training or test image, its visual words are obtained by

choosing the closest wi for each of its local feature vectors.

2.2. Generative model

The joint probability of this graphical model is computed as:

P (di, sl, zk, xp, wj)
= P (di)P (zk|di)P (wj |zk)P (sl|zk)P (xp|sl)

(1)

An image is considered as a mixture of aspects: P (zk|di)
is the probability of aspect zk occurring in image di. In the

linguistic domain [2], aspects can be considered as topics of

a document; in image processing, aspects can be considered

as objects that constitute an image. Assume there are a pre-

defined number of Z latent aspects, {z1, ..., zZ}. Using EM

algorithm, it is possible to infer P (zk|di), as we will see later.

Each aspect is further considered as a mixture of visual

words: P (wj |zk) is the probability of visual word wj occur-

ring in aspect zk. We denote W as the total number of vi-

sual words, {w1, ..., wW }. Intuitively, different objects corre-

spond to different features, and it is the model P (wj |zk) that

describes the relationship between features (visual words) and

objects (aspects). Using EM algorithm, it is possible to infer

P (wj |zk), as we will see later.

Each aspect specifies a mixture of layouts, {s1, ..., sS},

via the factor P (sl|zk). Intuitively, a layout encodes the rough

locations of objects. For example, si can represent that the

object is located at the upper-left corner of an image. Using

EM algorithm, it is possible to infer P (sl|zk), as we will see

later.

The position information of visual words is represented by

a location dictionary {x1, ..., xP }. The location dictionary is

obtained by sampling P points uniformly from the 2-D image

coordinates. Each visual word wj is then associated with the

spatially closest position xp ∈ {x1, ..., xP }.

The location of a visual word is generated by P (xp|sl).
Since P (xp|sl) is combined with priors P (sl|zk), we can sim-

ply assume P (xp|sl) to be a Gaussian distribution for s ∈
{s1, ..., sS−1}. This simple distribution does not restrict the

system to model single objects in the scene because the im-

age is composed of a mixture of layouts, each associated with

a single-mode distribution, hence being able to model multi-

ple objects as well. To handle the case where no foreground

object is present in the scene, we define a layout sS that cor-

responds to a uniform distribution; i.e., P (xp|sS) = const.

1114



An image di is a bag of words and positions. Define

the image-word-position co-occurrence table n(d, w, x), with

n(di, wj , xp) denoting the number of occurrences of word wj

at position xp in image di. This is the table of observations;

the other two variables s and z in Fig. (2) are latent.

2.3. The Learning Algorithm

The EM algorithm [8] consists of two steps: the E-step com-

putes the posterior probabilities for the latent variables; the

M-step maximizes the expected complete data likelihood. The

goal is to maximize the log-likelihood,

L =
∑

i

∑

j

∑

p

n(di, wj , xp) log p(di, wj , xp) (2)

Derivations of the E- and M-step are omitted with only the

results stated below:

E-step:
P (sl, zk|di, wj , xp) ∝ P (zk|di)P (wj |zk)P (sl|zk)P (xp|sl)

(3)

M-step:

P (wj |zk) ∝
∑

i

∑

p

nijp

∑

l

P (sl, zk|di, wj , xp) (4)

P (zk|di) ∝
∑

j

∑

p

nijp

∑

l

P (sl, zk|di, wj , xp) (5)

P (sl|zk) ∝
∑

i

∑

j

∑

p

nijpP (sl, zk|di, wj , xp) (6)

P (di) ∝
∑

j

∑

p

nijp (7)

where nijp ≡ n(di, wj , xp). Note that these equations need

normalization to make them probability distributions. In sum-

mary, given n(di, wj , xp), maximum likelihood fitting by the

EM algorithm yields P (wj |zk), P (zk|di), P (sl|zk), and P (di).

2.4. The Inference Algorithm

Given a test image dquery, the factors in Eq.(3)∼(7) are com-

puted using the “fold-in” technique described in [2]; the EM

algorithm is run in the same way as in learning, but now keep-

ing the factors P (wj |zk) obtained in the learning stage fixed.

3. LAYOUT EXTRACTION EXPERIMENT

The goal of this experiment is to specify the composition of

each image, i.e., where the unknown objects are located. In

our experiments, we use 100 face images and 100 non-face

images and set the number of latent aspects to two. We use

the same set of images as [7], where the face images are taken

from the Caltech face dataset [9]. As in [7], images are re-

sized to around 200 × 140 and converted to grayscale. A

random subset of 50 face and 50 non-face images are selected

as training images. None of the images contain information

about whether it contains faces, nor about where the face is

located.

The visual words are computed as explained in Section

2.1. Note that the visual words are neither obtained from la-

beled data, nor are they specifically designed for this face/non-

face task, implying their generality.

We obtain the initial Gaussian means and variances by fit-

ting PLSA to the data, after which we obtain weightings indi-

cating how likely a visual word belongs to an aspect. We can

then compute the weighted mean and weighted variance of

the positions of the visual words for each image. By k-means

clustering these weighted means of all images, we obtain clus-

ters {µ1, ..., µS−1}. We set S = 4 in our experiments, but the

results are not sensitive to this value. We simply use the av-

erage of the weighted variance of all images as the variance

σl = σ.

During inference, by labelling each visual word with its

most likely latent aspect, we can obtain a segmentation-like

image. This image indicates the location of the foreground

object (see Fig. 3).

The most likely aspect of each visual word can be ob-

tained by first deciding whether a foreground object is present

or not: To decide the presence/absence of the foreground ob-

ject in the scene, we compute

P (di|zface, s �= sS) = αP (s �= sS |zface)P (zface|di)P (di)
(8)

where α is the normalization constant. The larger the value of

P (di|zface, s �= sS) is, the more likely that image contains a

foreground object. Then, if a foreground object is discovered

(based on a threshold of equal error rate), we determine the

optimal label of each visual word by

z∗ = arg max
z

P (z|di, wj , xp, s �= sS). (9)

Otherwise, we determine the optimal labels by

z∗ = arg max
z

P (z|di, wj , xp, s = sS). (10)

Once we obtain the optimal labels of the visual words, we

create a mask by placing a 1 on each visual word with label

z = z1 and a −1 on each visual word with label z = z2.

We convolve this mask with a Gaussian to superimpose the

labelling within a neighborhood. We threshold this mask to a

binary mask and apply the mask on the original image. The

results are shown in Fig. 3. Notice that both methods are able

to extract the aspect which corresponds to the notion of hu-

man face without supervision. Comparing PLSA (column 2)

to our method (column 3), it can be seen that foreground ob-

jects are more correctly located by our method. Also, PLSA

falsely labels many background regions as foreground. PLSA

has FAR = 26.3% and FRR = 29.2%, while our method has

a much lower FAR = 12.4% and FRR = 15.7%, where FAR

and FRR are computed based on pixel-level correctness.
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Fig. 3. Second column: result of PLSA. Last column: pro-

posed method.

4. DISCUSSION

Traditional image segmentation can be roughly classified into

methods based on clustering and methods based on model

fitting [10]. One exemplar of the model fitting approach is

Blobworld [1]. In Blobworld, in order to segment an image

automatically, the joint distribution of color, texture, and po-

sition features is modeled with a mixture of Gaussians. The

Expectation-Maximization (EM) algorithm [8] estimates the

parameters of this model; the resulting pixel-cluster mem-

berships then provide a segmentation of the image. Tradi-

tional image segmentation is performed per image (with the

exception of shape based segmentation methods [11], which

are however supervised methods) and the pixel-cluster mem-

berships are not shared across different images. One conse-

quence is that the system cannot gain knowledge from multi-

ple images. In contrast, the shared information is represented

in the form of P (wj |zk), as explained in Section 2.4.

In the proposed graphical model, the extra dependency

between topics and word positions introduces extra variables.

Still, the EM algorithm converges stably, and experimental

results verify the advantage of the model over Probabilistic

Latent Semantic Analysis.

In summary, the significance of our method lies in the ca-

pability to perform the whole task in an unsupervised fashion.

Although only demonstrated on face images, we expect the

method to be also applicable to other objects as in [5].

The current framework uses one Gaussian to model one

cluster, but it does not explicitly consider the geometric rela-

tionship between visual words within each cluster. Extending

the framework upon this point is of future interest.
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