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Unsupervised Learning of Categorical

Segments in Image Collections

Marco Andreetto, Lihi Zelnik-Manor, Pietro Perona,

Abstract

Which one comes rst: segmentation or recognition? We psgpa uni ed framework for carrying
out the two simultaneously and without supervision. Theneavork combines a exible probabilistic
model, for representing the shape and appearance of eaatesggwith the popular “bag of visual
words” model for recognition. If applied to a collection ahages, our framework can simultaneously
discover the segments of each image, and the correspontiefween such segments, without super-
vision. Such recurring segments may be thought of as theas'parcorresponding objects that appear
multiple times in the image collection. Thus, the model may Used for learning new categories,

detecting/classifying objects, and segmenting imagethout using expensive human annotation.

Index Terms

Computer Vision, image segmentation, unsupervised obgaxignition, graphical models, density

estimation, scene analysis

. INTRODUCTION

Image segmentation and recognition have long been assddrathe vision literature. Three
views have been entertained on their relationship: (a) segaton is a preprocessing step
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for recognition: rst you divide up the image into homogemsoregions, then recognition
proceeds by classifying and combining these regions [1], [&, [4], (b) segmentation is a
by-product of recognition: once we know that there is an dbje a given position, we may
posit the components of the object and this may help segtn@mtgp], [6], (C) segmentation
and recognition may be performed independently; in padigcuecognition does not require
segmentation nor grouping [7], [8], [9], [10], [11]. Theséews are not mutually exclusive,
while segmentation and recognition are not necessary foh @ther, both bene t from each
other. It is therefore intuitive that recognition and segma¢ion might have to be carried out
together, rather than in sequence, in order to obtain therbsslts. We explore here the idea of
carrying out category learning for recognition and segragon jointly — we propose and study
a simple probabilistic model that allows a uni ed view of hotasks. Our model represents
each image as a composition of segments, where a segmedtamutspond to a whole object
(e.g. a cow) or to a part of an object (e.g. a leg), to a patch dfstinctive texture, or to a
‘nonsense’ homogeneous region in the background. Theeimfer process divides each image
into segments, and discovers segments that are similassaonaltiple images, thus discovering
new visual categories.

We build upon recent work on recognition and segmentatidarst,Fve choose to represent
image segments using simple statistics of "visual wordgasures. Using "bags of visual words'
to characterize the appearance of an image segment condrndsea coming from the literature
on texture, where Leung and Malik [12] proposed vector-gizarg image patches to produce
a small dictionary of ‘textons', and an idea from the literat on document retrieval, where
statistics of words are used to classify documents [13]lyBasual recognition papers using
"bags of visual words' considered the image as a single bay [15], [11], while recently
we have seen efforts either to classify independently ipleltregions per image, after image
segmentation [3], [4], [16] or to force nearby visual worddtave the same statistics [17]. Recent
literature on image segmentation successfully combinesntition that images are "piecewise
smooth’ with the notion that segment shapes are more ofemribt "simple’. These insights have
been pursued with parametric probabilistic models [189][ith non-parametric deterministic
models [20], hierarchical segmentation models [21], antpaoametric probabilistic models [22].
The last is a very simple probabilistic formulation whicls, @e shall see, combines gracefully

with the popular LDA model for visual recognition.
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Our work most closely builds upon two papers: Russell et3}lahd Andreetto et al. [22]. In
the paper of Russell et al., a "bag of words' representasamsed to describe the visual appear-
ance of different segments in images. These segments aextext prior to inference, and are
computed independently of the visual words contained imti@ur work combines segmentation
and category model learning in a single step, rather thaincasrying out segmentation and then
categorizing the segments. While Russell et al's segmientss independent for each image, in
our work segmentation is carried out simultaneously andh s@gment's de nition bene ts from
related segments being simultaneously discovered in athaeges. Conversely, Andreetto et al.
segment an entire collection of images simultaneouslylemiiscovering the correspondence
between homologous segments. However, the features thtd segments are restricted to size,
shape and average color of the segments. Associating bagsu#l words to each segment
enables us to discover more interesting visual connectimta/een corresponding segments,
and thus discover visual categories. We develop the simedias segmentation/recognition
scheme step by step. We start (Section II) by proposing aghibstic model for segmenting
individual images. Then we further extend the model to ipooate a richer set of visual features

(Section 1ll). This provides a model for automatic infereraf categorical segments.

II. A PROBABILISTIC MODEL FOR SINGLE IMAGE SEGMENTATION

Image segmentation techniques may be categorized inte timead classes. The rst class
consists deterministic heuristic methods, such as k-meaean-shift [24], and agglomerative
methods [25]. When the heuristic captures the statisticshefdata they perform well. For
example, k-means provides good results when the data isliklwband the agglomerative
approach succeeds when clusters are dense and thereesbide. However, these methods
often fail with more complex data [26].

The second class consists of probabilistic methods thdiceipestimate parametric models
of the data, such as expectation maximization for tting &sian mixture models (GMM) [27].
The GMM method is principled and can easily be used as a bgjldiock of a larger model that
addresses a more general task. However, when the data rgadran complex and unknown
shapes, as is the case for images, it tends to fail, as in GMM elass is represented by a
Gaussian (see Fig. 4).

Complex data are handled well by the third class of methoaissisting of the many variants
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Fig. 1. Left: plate diagram [23] of our generative model forage segmentation. The gray node represents the observations

(pixel features). The node, and represents the segment assignment for the observatiohhe node represents the mixing
coef cients for each segment. The two rounded boxeandfy represent the hyperparameters for the Dirichlet distitins
over and the density function for each segmé&ntFinally N is the total number of pixels in the image aKdis the number

of segment in the image. Right: image formation process asritie by the graphical model. An image is composed by two
segments: ground (45 % of the image) and sky (55% of the imalye)observations<, is obtained by rst sampling the
assignment variable, . Assumingc, = 1 the corresponding densify is used to samplg, as member of the ground segment.

Similarly, a second observation, in the sky segment is sampled from the corresponding dehsityhency = 2.

of spectral factorization [28], [26], [20], [29], [30]. Tke techniques do not make strong as-
sumptions about the shape of clusters and thus generafigrpewell on images. Unfortunately,
integrating them into larger probabilistic models to tackiore complex problems, such as recog-
nition and segmentation [3] or segmentation with prior kiemge [31], is usually convoluted.
We propose a generative probabilistic model that can desaégments of complex shape and
appearance and can easily be used as a building block for @ coonplex probabilistic model.
Unlike previous probabilistic models, it contains a homgmaetric component allowing complex-
shaped groups to be modeled faithfully. Unlike factorizatmethods, it is probabilistic in nature,
allowing easy extensions to situations where prior infdiorais available and integration into
larger probabilistic models that address more complexlprob such as recognition and motion

segmentation [22].

are not restricted to any speci ¢ parametric family, suchGaaissian densities; we only assume
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tribution p( ) (see Section 2.2). Eacly will correspond to a procesSy.

2. Forn equal 1 toN

3. Select one of th& processe, by sampling the hidden variablg, according to a

4. Draw the observatior, according to the process-speci c probability density ftioe
f(X).
Rather than obtaining samples from the model of Fig. 1, werdegested in the inverse problem:
computing the posterior distribution of the hidden varesd = f c;; ¢;; :::cy g given the observed

variablesx = fxy;Xp;:::xy g. Using Bayes' theorem we have:

p(cix) /' p(xjc)p(c): 1)
Where the mixing coef cients have been marginalized out from the joint distributja{c; )
leaving just the prior ternp(c). If we assume that the; are independent given theg, then the
likelihood term is de ned as:

W W
p(xjc) = P(XnjCn) = fe, (Xn) (2

n=1 n=1
So far we have not made any assumptions on the structure setiraents, i.e. ohc(x). In the

following sections we describe how the segments dendities and the priomp(c) are modeled.

A. Modeling Segment Distributions

1) Non-Parametric Segment Modelf the f,(x) are Gaussians, then the generative model
describe is a Gaussian mixture model (GMM). To handle se¢gnehcomplex shapes and
irregular appearances it is best to avoid parametric reptesions (which may not t the shape
of the segment) and use non-parametric representatiorméodensities  (x).

Given a kernel functiorK (x;;%;) [32] representing the af nityA; between observations
Xj andx; (i.e., how much we believe the two observations originateanfthe same process

when all we know is their coordinates andx;), and a set oNy observations drawn from the
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unknown distributiorf  (x), a non-parametric density estimator fiqe(x) is de ned as:

Rk
= o Koixa) ©

K n=1
This is equivalent to placing a little probability “bump”he kernelK (x;; x;), around each
observatiorx,, sampled from the segment dendlifyand approximating the segment distribution
as the normalized “sum” of all the “bumps”. If the density &ton f(x) is suf ciently regular,
meaning that it is non zero near any sampled point, and if @isuf humber of samplex,
are available, thefiy(x) is a good estimate of the unknown distributifi(x). A typical choice
for the kernel function it the Gaussian:
K (Xxj)= p%em }(X X)) Hx X))
(2 )°) i 2
where ; is a local covariance matrix that can be set according to lacalysis as suggested in
[33], [34]. Other kernel functions may be used as well [35jr Example, in image segmentation
we may wish to set to zero the connectivity between far awaglpito enforce a locality of
the segmentation or to obtain a sparse problem. The kernilisncase will be a product of a

Gaussian kernel and two “box kernels™:
K(xx;) = Ko(rrpKi(s;s)K (I 15) (4)

wherer;;s; are the image coordinates of théh pixel andl; is its intensity. The box kernel is

I((y yj)=2L)
2L

of the box kernel anK | is as de ned above. We observe that the kernel density esiimnar

dened as:K (r;rj) = andl(a) =1 for jaj 1 andO otherwise.L is the radius
Parzen window method, is a frequentist estimation methatlansuch is not fully consistent
with the Bayesian model of Fig. 1. A fully Bayesian treatmehthe problem would require the
de nition of a family of densities with a prior distributioover this set. For example we could
have consider the set of Dirichlet Process Gaussian mixtwdel (DP-GMM) [36]. Although
not consistent with the Bayesian framework, the Parzen ogetlan be considered as a limiting
case of a Gaussian Mixture Model distributions with as mamygonents as observations [37].
In this respect the Parzen estimator is justi ed by its lielato the DP-GMM (see also [38] for
comparison with the Gaussian Mixture Sieve). However, esitie Kernel functiork | (x;; X;)

can be precomputed for all paixs andx;, using the Parzen estimator results in faster inference

algorithm than its equivalent for a fully Bayesian model. thre following we perform an
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experimental evaluation of our model rather than a thecamktinalysis of its consistency and the
convergence properties of its inference algorithm. Sudyais is an interesting open problem
for the statistical and machine learning community.

2) Parametric Segment ModeWhen it is known a-priori that some segments are distributed
according to some parametric form one should incorporadteitiiormation. This is easily done
within the proposed framework by using parametric modelstfi@ segment densitiefs ().
For example, when it is believed the data generated by onmesggis “lumpy”, it may be
described by a Gaussian density(x) = G(x; «; «). Uniformly distributed outlier points can
be represented as a segment with uniform dens$ijt¢x) = #(B) if x 2 B andO0 otherwise,
where B is the data bounding box. We assume that the densities ddreliff segments are
independent, thus different types of models can be usedafch ene.

3) Semi-Parametric Segment Moddk is interesting to consider a hybrid representation
combining a parametric and a non-parametric componentitively the parametric compo-
nent captures a coarse blob-like description of the globalcgire, while the non-parametric
component captures the local deviation from it. The sintpéegh representation is a convex
combination:

1 X«

fl(x) = (1 )N—kj_1 KX xj)+ g(x) (5)
wheregg(x) is a parametric density, e.g. a Gaussian or a uniform demsity 2 [0; 1] represents
the relative in uence between the two terms (recall thathbigrms are normalized and sum to
1). We experimented with this representation of the segrdititibution and found that it does
indeed present numerous advantages with respect to thdéesipgrametric and non-parametric
models (see Section 1I-D). We can think of the parametricnters biasingf(x) toward a
speci ¢ region of the feature space. The parametric ternts anilarly to a regularization or
prior term over the set of segment densities, like a priordd@P-GMM. Each segment density
is mainly represented by the non-parametric term. In all wf experiments we used = 0:1.
An interesting question, which we do not address in this papevhether could be estimated
automatically for each segment. We refer to this represemntaas semi-parametric [32] since

it is composed of two parts: a parametric part, the Gaussistniltition, and a non-parametric
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part, the Kernel density estimatdrwWhen this type of models are used fior in the graphical

model of Fig. 1 we call the overall model a semi-parametrigtare model (SPMM).

B. Modeling the Mixing Coef cients
[13]:

o2 k) Dir(g 2t k) (6)

Under this assumption the ratiok:P « k represents the a priori knowledge of the mixing
coef cient , while P « k represents the level of con dence in this a priori knowledgbe
larger P « k IS, the stronger is the belief in the mixing coef cients arftketcorresponding
segment sizes. Setting alk to the same value suggests that all segments have a prial equ
size, while if prior knowledge suggests that some segmenetdazger, e.g. following a power
law, this may be incorporated in the model by settingaccordingly.

The choice of a Dirichlet distribution for the hidden vaii@b is a convenient one, since
it allows closed-form derivation of many useful quantitiesring inference. For example, it
is possible to derive the expression for the conditionabmpterm (see Appendix Al)p(c =
kjc i) = N—lejP:—k whereNy is the size of segmentsexcluding observation, N is the total
number of observations and the's are the hyperparameters of the Dirichlet distribution fo

Other choices for the distribution of the random variablare possible. Of particular interest
are non-parametric priors such as teichlet Process[39], in which the nhumber of segments
is automatically discovered during inference, and pridrst tcapture the empirical distribution

of segments in natural images [40], such as the one in [41].

C. Inference

Since it is not computationally feasible to perform exadérance for the model of Fig. 1, we

have to use approximate inference. In particular, we d@eslan inference algorithm based on

De ning the model of Eq. 5 as “semi-parametric” is in agreemeith the de nition in [32] Chap 10, pages 235-236. Usually
in a semiparametric model the parametric term describessdhiables of interest, while the non-parametric term msdéeke

nuisance variables. In our model the meaning of the two tésnufferent
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GMM GMM (prob.) SPMM SPMM (prob.)

Fig. 2. Unsupervised image segmentation. Example reswdta the two data sets we experimented on. Columns 2,4, and
5 show segmentations of three images (column 1) using a Gaussxture model (GMM), Normalized Cuts (Ncut) and our
semi-parametric mixture model (SPMM), respectively. Timages shown in rows 1 and 2 come from a collection of 16 general
pictures; the bottom image was selected from the 100 Egragé® (the same experiment was carried out on all images in
both collections, see supplemental material). The numbeegments was set to 8 for general images, and to 4 for the€gre
Columns 3 and 6 show assignment probabilities, where ther afla pixel is a convex combination of the segment markers

according to segment assignment probabilities.

100 Egret images 16 general images
SPMM Il Good SPMM Il Good
Neut [Jok Neut [Jok
GMM Il Bad GMM Bl Bad

Fig. 3. Human Ratings. Six people rated the unsuperviseahaetation results of all the images in our data sets (Sedtib)
as good, OK, or bad. The plots show the rating statistics &ohexperiment and each method. Each bar is split into thaes p
whose sizes correspond to the fraction of images assigndtetoorresponding rating. Better overall performance esponds

to less red and more blue. Our method outperforms other rdsthoboth experiments.

a Markov chain Monte Carlo (MCMC) method [42]. Details on tiherivation of this algorithm

and on its implementation are given in Appendix Al.

D. Experiments

Experiments for the image segmentation model of Fig. 1 wertopmed on two image dataset.

The rstis a set of 100 images of Egrets [43] where only grayeleralues and pixel coordinates
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Input GMM SPMM

Fig. 4. Comparison between the Gaussian mixture model (GMki) the semi-parametric mixture model (SPMM) of
Section 1I-A3. The colors of the sky segment are not well nedleoy a unimodal distribution: the left part has a more
uniform color than the right part, where some clouds are gmiesThe GMM segmentation (center) splits the sky into two
components, while the semi-parametric segmentation tfrighrrectly assigns the sky to a single segment. Fig. 5 shibeas

observations in each segment projected on different coateliplanes of the xy-RGB feature space.

were used to compute af nitie&; = K (x;; X;) (see Section II-Al, Eq 4). The second is a set of
16 general color images, where the RGB values and the pixetowtes were used to compute
af nities. Fig. 2 shows a few representative image segntentaesults.

Fig. 3 compares the quality of our results with the stat¢hefart on both datasets. The
performance of tting a Gaussian mixture model (GMM) is ofethowest quality, because
Gaussian "blobs' poorly approximate the image segmentsy#R@B space. The results for
normalized cut and our semi-parametric mixture model (SPMive comparable with slight
preference to our method. The SPMM, as well as GMM, natugaigrides soft assignment of
pixels to segments (see Fig. 2 columns 3 and 6). Such sofframsents often make more sense,
e.g., in ambiguous cases where the transition between sggrsegradual. Furthermore, they
provide more information than hard decisions do. An atteatfibtaining soft assignments from
normalized cuts was proposed in [44]. This approach howdaeks a complete probabilistic
interpretation.

Fig. 4 and 5 show an experimental comparison between the talmapilistic models we are
considering. To better understand the properties of tha-pamametric mixture model (SPMM)
presented in Section [I-A3, as well as its potential advgesgaover the Gaussian mixture model

(GMM), we analyzed a speci c example in detail. The image wese, on the left of Fig. 4,
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Fig. 5. Comparison between the different segmentationsgn4= Each plot shows different coordinate planes of theRGB
feature space. The left column refers to the GMM segmenmtatie right column to the SPMM one. The points correspond
to the projections of the image pixels. The ellipses repre§&aussian distributions (the parametric term for the SPMNMhe
colors of points and ellipses correspond to the segmentsgind-
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presents a number of challenges for any segmentation #igurit has an object of complex
shape (the stone arch), a sky partially covered with cloudbl wolor changing quickly from
deep blue (left part of the image) to veiled whitish blue Itigart of the image), and complex
texture regions (the mountains on the background).

Examining the segmentation results, we see that the GMM h(gdater) failed to identify
the sky as a single segment, but rather divided it in two pdite left part without clouds was
assigned to the red segment, while the right part where sl@ud present was assigned to the
blue segment. In the left column of Fig. 5 we can see the ptiojes on different coordinate
planes of the observations in each segment of the GMM segtn@mt The pixels in the red
segment (in red) and the pixels in the blue segment (in blwsgweparated in two different but
contiguous elliptic clusters (see RED/BLUE and X/BLUE majons on the second and third
rows). This is a consequence of the multimodal shape of theillition of the sky segment in
the xy-RGB space. Finally, since only four segments are ,ubedmountains on the background
and the stone arch were grouped into a single segment (cyan).

On the other hand, considering the segmentation resultseafémi-parametric mixture model
(SPMM) (Fig. 4 right), we see that it identi ed the sky regias a single segment (green). This
is due to the non-parametric term in Eq. 5 which allowed thelehdo take advantage of the
local proximity (see kernel expression in Eq 4) of the two m®df the sky distribution (see
right column of Fig. 5). It is also interesting to observe htive parametric term captured the
global color of the sky resulting in also assigning the sKyela(green) to the portion of sky

under the stone arch. Finally the SPMM method correctly saged the arch as a single object
(cyan).

I1l. M ODELING CATEGORICAL SEGMENTS

Inspired by the “bag-of-words” approach [11], [46] we exdethe model in Fig. 1 by adding
new observed variablew,,, that represent the visual words associated with an obsenvat
These new discrete random variables are sampled Kodifferent multinomial distributions
(topic distributions) which model the visual words' stétis for each of thék segments. Fig. 6
shows the graphical representation of the extended model.nfodel represents a collection of
M images. An image is represented Ky, regularly spaced observations (e.g., one sample per

pixel). At the n-th observation of imagen we measure a feature vectef,,, e.g. the pixel's
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Fig. 6. The Af nity based LDA model (A-LDA) for learning cagmrical segments (see Section Ill). The two gray nades
andwnn represent the observed quantities in the model: the featowr (position and color) and the visual word associated
with each pixel, respectively. The nodes, , fkm , «k, and m are hidden quantities that represent the segment assignmen
for xmn andwmn , the probability density of the feature vectors in segmerdf imageln, the visual words distribution for
segmentk, and the sizes of the segments in image respectively. The two squares with rounded cornerand"” represent

the hyperparameters of the Dirichlet distributions ovgr, and «, respectively. FinallyK is the number of segmentbl, is

the number of pixels in image andM is the number of images in the collection.

position and RGB values. We further extract a xed size impgéch centered at the-th pixel
and assign to it a “visual wordiv.,,. In our implementation the dictionary of visual words is
obtained by vector-quantizing a subset of all the desasptd the patches extracted from all
the images. Thev,,, variable of an observation is the label of the dictionaryrgmiosest to
the descriptor associated to the observation.

Each image is formed b regions (segments) whose visual words statistics are dlzaress
images. Segmerk in imagem has a probability distributiof., of feature vector values,
and a probability distribution ¢ of the visual wordswy,,. Note, that the distributions,., of
feature vectors are not shared between images, while thebditons of visual words ¢ are
shared across images. This is because we assume that theraapmeeof an object, which is
captured by the \ distributions, is similar in all images. On the other hane tosition of
an object in a particular image can be assumed independethiegbosition in other images.
For example, a car can appear in various image locations.eMenvits overall appearance, as
described by the visual words, is the same in all images. Waetrtbe segment distributiorfig.,
using the nonparametric model proposed in Section II, whifte  we use an LDA model, as
proposed in [11] and [46]. Thus if we remove tkg, node from the graphical model we obtain

the LDA model. Removing thev,, node from the model yields a collection bf independent
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models, like the ones described in Section II. We call thie/ meodel Af nity Based Latent
Dirichlet Allocation (A-LDA)since we are using the af nities between pixels (see Eq. 3) to
describe the segment distributiohg, .

In the A-LDA model visual words are grouped by segments. Tmnables learning topics
that are related to object parts rather than to whole scexseis done with the “bag of words”
representation of whole images [11]. A key aspect of the @sed model is that the densities
fw.m allow grouping of all the visual words generated from theresponding topic distribution

k into a single image segment. Moreover, it is possible to reefalifferent grouping properties
by choosing different forms for the densitiég,,. Assuming a Gaussian distribution over the
pixel positions in the image, as in Sudderth et al. [47], ltssin a spatially elliptical cluster of
visual words generated from the topig. Assuming a non-parametric distribution (see II-Al),
results in a more complex grouping based on color infornmagéi® well as position in the image.

An important remark is that the A-LDA model assumes that #mtidre vector,,, and the
visual wordsw,,, of a given pixel are independent given the topic assignmentHte pixel
Cnn - It also assumes that visual words are independent givan tiidden labels. These two
assumptions are theoretically incorrect. The two randonmabéesw,,, andx,, are correlated,
since both depend on the image patch centered on pixdlhe same is true for the visual
words of close (overlapping) patches. However, ignorirgsthdependencies results in a simpler
probabilistic model.

The densitie$ ., and the distributionsy have complementary roles in the model. The density
fw.m models segmerk in a speci c imagem, and it forces pixels with high af nity to be grouped
together. The multinomialsy, couple together segments in different images of the cadlect
i.e., they force segments in different images to have theesaisual words statistics. All the
multinomial coef cients of the  are sampled from the same prior distribution: a symmetric

Dirichlet distribution [13] with (scalar) parametér
k Dir(")
Wmnj «  Multinomial( ) (7

The K topic/segment distributions are not image speci c like thensitiesf ., but rather are
shared within the entire collection. This allows couplirggsient appearance statistics across

multiple images based on the distribution of visual wordsytbontain. However, in a particular
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image of a collection there may be objects that do not appeather images. To model these
non-recurring elements one can extend the model of Fig. 6obgifg some of the , to be

image speci c, like thefy.,, rather than common to all the collection.

V. EXPERIMENTS UNSUPERVISED SEGMENTATION AND CATEGORY LEARNING

Following Fei-Fei et al. [11] we extract patches by densampgling each image with a grid
of 4 pixels. For each patch a local descriptor is computed eWerimented with three possible
descriptors: the RGB value of the central pixel of the patttbr bank outputs [48] and the
well known SIFT descriptor [9]. The dimensionality of thesdeptor vectors are 3, 17, and 128
respectively. In all three cases a subset of the extractedrigéors is used to construct a visual
dictionary via K-means clustering (see Sivic et al. [46])e \@kperimented with three different
dictionary sizes: 256, 512, and 1024. Finally, the visuatdwassigned to the patch is the label of
the most similar dictionary element. The multinomial disiition of visual words , are shared
across images since they model the appearance of recutengeets in the collection.

In all our experiments the densitids.,, are non-parametric (see Section 1I-Al) and are
assumed independent between images (see Section 1ll). $#hesntervening contour method
[35] to compute the af nities used for the non-parametriq@ximation of fy..,. We also
experimented with the semi-parametric model (see SectigkB) which achieved compara-
ble performance but required more computational resoufoce®stimating the mean and the
covariance of the parametric term.

The computational cost of the inference algorithm for thedeioof Fig. 6 is linear in
the number of images and in the number of topics/segmknt&see Appendix A2 for the
implementation details). The algorithm is implemented iR+Cand it has a running time of
about 20 sec. per image (with = 20) on a 2.50GHz Intel Xeon machine.

We tested our system on four databases: the Microsoft Resd2ambridge dataset ver-
sion one (MSRCv1l) and version 2 (MSRCv2) [49], a subset oflLthkeelMe dataset [3], and
the scene database of Oliva and Torralba [50]. Note that @peranents are completely
unsupervised: we do not use any labeling information durirfgrence. The “ground truth”
segmentation is used only to evaluate the segmentatiottge$ue results of our unsupervised
recognition/segmentation system are illustrated by shgwhe segmentation masks and by

reporting numerical evaluation of the segmentation aayucd the model. Finally, we provide a
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Fig. 7. Visual words dictionaries. Left: 256 visual words evhthe pixel color is used as descriptor. Right: average ef th

patches associated to 256 visual words when the Iter banksed as descriptor.

comparison with three other related probabilistic mod#is: Gaussian mixture model (GMM),
the Latent Dirichlet Allocation (LDA), and the spatial LateDirichlet Allocation (S-LDA) [17].

A. Comparing different types of visual words

The rst descriptor we tested is the RGB value at the centea gfatch. The left panel of
Fig. 7 shows the RGB colors associated with the centroid efdictionary words (256 visual
words). We used the MSRCv1 dataset to obtain these centiidsobserve that a lot of the
visual words in the dictionary correspond to green textdit@s is a consequence of the large
quantity of grass and foliage present in the MSRC dataset

Fig. 16 shows unsupervised segmentation results of seweeaes of the MSRCv1 dataset.
Each categorical segment is marked with the same color ithallmages (arbitrarily chosen to
highlight individual segments). Notice that correspomgdnegions tend to have the same color
across all images indicating that the unsupervised alyoritas “discovered” the corresponding
categories: e.g. the sky segment is always assigned to &sm dabel. To obtain a quantitative
evaluation of our system we consider the segmentation witbrrespect to the ground truth. We

consider only a subset of the 13 categories present in tleselasince some categories are very

2These two classes account for almost 30% of the pixels in #taset.
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Fig. 8. Precision/recall plots for the MSRC dataset whemgisiisual word based on RGB color. The dictionary size is of
1024 visual words. The number of topibs is set to 20. The green curves correspond to precisionlreakles with the same

harmonic meanK measure [45]).

rare, i.e they occupy less then 1% of the total number of pixelthe collection. In particular
we do not consider: sheep (0.45%), horse (0.18%), and mimgn{@.25%). Fig. 8 shows the
precision/recall plots for each category when using a ainary of 1024 visual words and 20
segmentsK = 20). We also experimented with other sizes of the dictionaB6(and 512). The
overall performance of the system did not change signi amtith the dictionary size, with a
minor advantage being gained by using a larger dictionary.

The second descriptor we tested is the output of a Iter bad4f] [at each pixel location.
Fig. 7 shows the means of dlil 11 patches assigned to each dictionary word when the Iter
banks responses are used as basic patch descriptors. Weeottset with this descriptor we have
two types of visual words: color visual words and textureuaiswords. The rst type describes
uniform patches based on their color, while the second tyy@eacterizes image patches by the
speci ¢ gradient pattern they describe (a centered dot dasted edge) and usually have a gray
color (from averaging patches of different color but simidgadient pattern).

Fig. 17 shows unsupervised segmentation results of seweeaes of the MSRCv1 dataset.
Each categorical segment is marked by the same color actbgmages. Fig. 9 shows the
precision/recall plots for all the considered categori& can see that our model performs

extremely well on the grass category which is the single npogtular category in the dataset
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Fig. 9. Precision/recall plots for the MSRC dataset whengisisual words based on Iter bank responses (red cros3és).
dictionary size is 1024 visual words. The number of togicss set to 20. The precision/recall for the spatial latentidilet
allocation (S-LDA) [17] are also reported (black diamonds)

(20% of the pixels are labeled grass). Other categoriesfiikes, sky, and foliage(tree), have
medium performance. The most challenging categories gpéaaes, cars, and sea. In particular
the airplanes category is almost never recovered. The @mobkith the airplanes and cars
categories is that they have a wide range of appearances ants pf view which makes it
dif cult for the A-LDA model to spot their recurrence acrogsages without supervision. The
sea category is relatively rare compared to the others,thess 1% of the dataset.

For each category we compute the segmentation accuracy asasure of the system per-
formance. Following [51], we de ne the segmentation accyréor a category as the number
of correctly labeled pixels in that category, divided by thember of pixels labeled in that
category in either the ground truth or the segmentationlt®gimtersection/union metrfy. This
pixel based measure has several limitation: it does not tate account multiple instances
of the same object category in a single image and it does nosider the quality of the
segment contours. Nonetheless we decide to use this gart@inition because it is a de facto
standard for the computer vision community and it has beexl is evaluate other (supervised)
segmentation/recognition systems [52][53]. Fig. 10a)wshthe scatter plot of the accuracies

for each category when using color visual words and whengusattor quantized Iter bank

true positive
true positive false positive false negative

3Equivalently, the accuracy is given by the equation: aaura
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Fig. 10. Comparison of the segmentation accuracy of the Alnibdel for different types of visual words: color (RGB) vau

words (horizontal axis) and the Iter bank visual words (tieal axis).

responses. We see that in general the Iter banks perfortehetithough for the cows and sea
categories the color visual words perform better. We alstetk a third type of visual words
based on the SIFT descriptor. Since the SIFT descriptor sedan the intensity gradient, it
does not capture color information. In order to also consittdor information, we modi ed
the model of Fig. 6 to have two different visual words per ataaton: one derived from color
(see previous discussion) and one derived from SIFDr a given segmerk, visual words of
different types are sampled from two independent multiradrdistributions | (color) and §
(SIFT). Fig. 10b shows the scatter plot of the accuraciesmising color/SIFT visual words and
when using lter bank visual words. We observe that the Iteanks visual words and the joint
color/SIFT ones have similar accuracy results (close tadiagonal) with the Iter banks visual
words performing better for the categories grass, sky darel foliage, and the color/SIFT visual
words giving greater accuracy for building, bikes and cois.previously observed, Iter bank
visual words can be divided in two groups: color and text&iace color/SIFT visual words also
capture these two patch properties (in a different way),sin@larity of segmentation accuracy

is not surprising. In all the following experiments we wilhays use lIter bank visual words.
4Using only visual words based on SIFT merges categories siitfilar texture, but different color like grass and sea.
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Fig. 11. Four topics/segments learned from the LabelMebdes Each panel contains 8 segments from the same topic. The
four topics represent four different elements of a possiitieet scene: “tree/foliage”, “buildings”, “street pavemt’, and “sky”.

These topic panels show the consistency we obtain acrogsndges of the collection.

We also experimented with other collections of images suctha Boston urban area subset of
LabelMe [3] and the scene dataset used by Oliva and Torr&0h Fig. 11 and Fig. 12 show
several examples of categorical segments learned frone thamsets.

All the experiments considered so far are completely unsiged, i.e., neither regions of
an image nor whole images have any label. If we allow for aageramount of supervision
we can improve the performance over the unsupervised casexample, we can consider the
case when we know a priori which objects are present in eaeyénof the collection. In this
case we share statistics only between images that coneisatine object. Fig. 13 compares the
precision/recall values for the unsupervised case (reslses) and the semi-supervised case (blue
circles). In the rst case all the images in the collectioe aegmented together and the model
has to determine which object is present in each image. Is¢hend case, we segment together
only images that contain objects from the same catégdsging this limited information we

can achieve much higher precision/recall values on all ttegories we have labeled.

B. Comparison with other probabilistic models

We compare the A-LDA model with three alternative modelse Tist model is a simple

Gaussian mixture model (GMM) with the same number of comptsas topics/segments in

*We only consider one category for each image. For exampla ifrmge has both cows and grass we only consider cows.
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Fig. 12. Six topics/segments learned from the Scene dataBash panel contains 8 segments from the same topic. Qualvis

words representation incorporates color informationraéfae skies were assigned to two topics, light blue and dduk.

the A-LDA model. To obtain the model we collect all the degtois of all the images and
estimate the model parameters and the observation assigusiag EM. We observe that when
estimating the model we use neither any af nity informati(G@egmentation cues) nor image
membership.

Another possible probabilistic model is the LDA model. Aselved in Section Ill, this model
can be seen as a simpli cation of the A-LDA model in which tkg, variable is removed.
Therefore, the LDA model does not consider the relationdigtween the visual words of an
image (af nities information), but does consider image ni@mship, i.e., the same visual word
may have different meanings in different images. The nundfesegments is 20 in all the

experiments and a dictionary of 1024 visual words is used@th the LDA model and A-LDA
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Fig. 13. Precision/recall plots showing the segmentatgmagnition performance of the A-LDA on seven categorieplanes,
bikes, buildings, cars, cows, faces, and trees (foliaghg fled crosses refer to the unsupervised case (see Fig. 8)bllib

circles refer to the weakly-supervised case, where thegoagelabel of the objects in an image is known. Even this kit

amount of supervision, a single label for the whole imageatly improves performance of the segmentation.

0.7

0.7
o6 + grass 1 o6 + grass 1
05 — 0.5 a
< + sky < + sky
a a
-1 04 - - 0ar ~
< <
§ + faces § + face
309 + foliage ) 309 + fofiage )
(5] Q
< =+ bik < + bik
IKes IKes
02r cars ) o2r 4 cars 7
€3 fuilding + buildifigsea
o1l +c | ol + cow ]
=+ dirplane =+ ajrplane
0O O‘.l 0‘.2 0‘.3 0‘.4 0‘.5 0‘.6 0.7 00 0.‘1 0.‘2 0.3 0.‘4 O.‘S 0.‘6 0.7
Accuracy GMM. Accuracy LDA.
Fig. 14. Left: scatter plot comparing the A-LDA model with a@sian mixture model (GMM)). We can see that the A-LDA

model always outperforms the GMM. Right: scatter plot cormuathe A-LDA model with an LDA model. In this case A-LDA

model has better accuracy for almost all categories. Allttitree models use 20 segments and are unsupervised.

model. We use Iter bank responses as the descriptor for enaajches. Fig. 14 shows scatter
plots comparing the A-LDA model with GMM (left) and LDA (righ We see that the A-LDA

outperforms GMM on all the categories in the dataset. TheD¥loutperforms the LDA in all
the categories but two: cars and cows.

November 13, 2011 DRAFT



IEEE TRANSACTION ON PATTERN ANALYSIS & MACHINE INTELLIGENGE, VOL. X, NO. X, SEPT XXXX 23

0.8

T
faces
cow
0.7 grass
cars
sea
building
foliage
sky
airplane
— bikes

all accuracies
°
I
:

2

0.2

o M‘

Number of face pixels

Fig. 15. Accuracies of different classes as the size of tlvedfecategory in the collection increases. The accuracyhfer t
faces category (solid orange) keeps improving as the sizhisfclass increases. The accuracies of other categokegiass,
foliage, buildings are fairly constant. The accuracy fag ttow category decreases as the number of pixels in the fategory
increases suggesting that it is more dif cult to discrintm&etween these two categories given our visual words. \Weroed
this effect by exploring segmentation results for indivatlimages: the reddish cows are sometimes confused withhpimkn

faces.

We compare our model (A-LDA) with the spatial Latent DiriehlAllocation (S-LDA) pro-
posed by Wang and Grimson [17]. This model extends LDA by iclemsg the proximity of
visual words in an image, but without using information lthea the local similarity of the image
patches. Table | reports the detection/false alarm ratestla@ accurady of the two systems.

In three out of the four categories reported in [17] we obtaigher accuracy and lower false
alarm. For two categories: bikes and faces we also have hagtection rate. Furthermore, we
report results on six categories ignored by [17].

Finally, we tested the A-LDA system on the more challengin§RCv2 dataset. This dataset

contains a total of 591 images and 23 categdrigsice this dataset is a superset of the MSRCv1

we can also observe if and of how much the segmentation ancwfathe A-LDA decreases

5The accuracy values for S-LDA were not reported in [17]. Wénested them from the Detection and False alarm rates
reported in [17] and ground truth by calculating for eachegaty the number of true positive, false positive, falseatigg and
true negative.

"Two categories: horse and mountains were not consider irexperiments because of the limited number of pixels with

those labeled.
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when more categories need to be identi ed. Besides the usaraparison with the LDA model
we also consider the three supervised segmentation systestsibed in [52], [53], and [54];
this comparison provides an upper bound on the performamaheo system. The accuracy
results are reported on Table Il. For both the A-LDA model d@hd basic LDA we use a
dictionary of 1024 visual words obtained from Iter bank degtors andK = 60 topics in
the modél. we ran the two inference algoritms (Gibbs sampling) forragjmately the same
amount of time. We observe that A-LDA outperformed the stadd_DA for most categories,
with the major exceptions of the categories Flower and Bosde (second and third row of
Table Il. Both unsupervised methods had considerable dlifycin recognizing and segmenting
object categories like Cat, Boat and Body. These categheaes a wide range of variability and
represent only a small fraction of the pixels in the collestiso it is challenging to spot the
statistical regularity of their appearance. The same caieg are better handled when a certain
amount of supervision is provided as shown by the bottometihogvs of Table II. For all three
methods both the visual words and the category model are¢ ibud discriminative way. It is
also interesting to compare results for the A-LDA model wheplied to the MSRCv1 subset of
images. We see that accuracy is lower for the more challgngiSRCv2. This is a consequence
of the larger number of categories the system is trying tatifle For categories with a large
number of observations like Grass, Trees, Bicycle, Sky, \Alater the segmentation accuracy is
comparable if not larger. For these categories, the dapasgides enough evidence for building
a good statistical model. This observation is further aredyin Section IV-C.

Of course, even for the grass category, (which is the largedboth the MSRCv1l and
MSRCv2), the performance of the A-LDA is lower than the cepending one for the supervised
methods. These methods use a large amount of supervisisgeas[54]. Those results were
obtained using 276 training images with pixel level labgliMore complex datasets like the
Pascal VOC were not considered for experimental evalualibese datasets were designed to
be challenging for supervised systems, and will be almopbBsible for the unsupervised cdse

Even a relatively “easy” dataset for supervised recognitdSRCv2 is quite challenging for the

8We used a larger number of topick (= 60) than we did for the MSRCv1K = 20) bacause of the larger number of

categories in the dataset.

%If the recognition accuracy is very low for all the unsupeed methods tested, it would be dif cult to draw any conabusi
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unsupervised methods like A-LDA.

C. Accuracy vs. category sample size

Since our model (Fig. 6) is completely unsupervised, it lmsely on the co-occurrences
of visual wordsw,,, to identify different categories. Therefore, we expecit tthee larger the
number of pixels in a category the higher the accuracy wilfdrethat category, since there is
more evidence to identify co-occurring visual words in tbategory. To verify this intuition we
consider the MSRC dataset, remove all the images of facespamgressively add new images
from the faces category in the Caltech101 datdsén each iterations, we add a new batch of
10 images to the collection, then run our inference algoritb obtain the categorical segments
and compute the accuracies for the faces as well as all tler otttegories in the datasets.

Fig. 15 shows the mean accuracies of each category in thealdta different number of
pixels in the faces category As expected the accuracy for the faces category, depictdd w
thick solid orange, increases as its size increases. licpkat, the accuracy increases faster at
the beginning, when the number of pixels is relatively snaall slows down when the number
of pixels is greater thad0000 The accuracies of the other categories are fairly stabit#y w
the exception of a few categories which decrease as the t#egary becomes large. Among
these exceptions the category which decreases the most isothis one, with a drop 08:16
in accuracy. This is due to the similarity between the vismaids distribution of the faces and
cows categories. As the size of the faces category incréhsgsior probability for a pixel to be
a face also increases, leading our inference algorithmiel lambiguous pixels as faces instead

of cows.

V. CONCLUSIONS

We proposed a probabilistic model for simultaneously seging and recognizing consistent
object or objects parts without the use of human supervistur system differs from previous
work, which either cascaded or interleaved segmentatiahracognition instead of integrating

them into a single process. We rst introduced a simple sparametric mixture model (SPMM)

°The 30 images in the MSRC dataset with face labels are a subsie¢ faces category of the Caltech101.

We repeat this experiment 20 times. Each time we randombcséhe batch of 10 images to add from the list of unused

images.
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that can be used for single image segmentation. With respeather probabilistic models, such
as GMM, this image segmentation model has the advantagéouofiad) a more exible represen-
tation of the segments composing an image. Our experimengggle image segmentation show
that in this context our model is superior to GMM. The sameeeixpents show performance
that, in this experimental scenario, is comparable withmadized cuts. The advantage of our
model is providing a consistent probabilistic frameworkttican be easily extended to address
more complex vision problems.

We extended the single image model to approach the moresaigatig problems of simultane-
ous segmentation and recognition of an entire image cadlectvith limited or no supervision.
We found that sharing information about the shape and appearof a segment across a
collection of images of objects belonging to the same cayegan improve performance. To
address the more general case of the simultaneous unssgebrsegmentation and recognition
of multiple categories in a collection of image, we furthetemnded our model by also using
visual words to describe recurring categorical segmentdifierent images. The statistics of
the visual words in each segment are shared across imagdps)ghthe segmentation process
and automatically discovering recurring elements in thagecollection. Our experiments show
that our model (A-LDA model) outperforms other probabitistnodels such as GMM, LDA
and S-LDA. We also show how a limited amount of supervisiamaly the label of the object
present in an image, can greatly improve the segmentatsuttse Finally, we studied the relation
between the performance and the number of observations ivea gategory and found that the
accuracy increases with the number of observations.

In our experiments we considered observations sampled &aoegular grid in the image. An
alternative approach that can be pursued is the use of dupkr55] as observations. This
would result in a reduction of the number of observations arabrresponding speed-up of the
system.

While A-LDA outperforms the other unsupervised models, atcuracy in a challenging
dataset like the MSRCv2 is low in absolute terms and quiteadidrom the results achieved by
the supervised methods. The lack of supervision makes tegnetion/segmentation problem
considerably more dif cult. However, the gap between thpeswised methods and the A-LDA
model is also a result of the assumptions of the model. Inquéat: the independence assumption

of visual words and observations, and the common topic mtatehll the segments from the
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same category (see [56] for a in depth discussion on the)is¥ue believe that our model
can offer a starting point for investigating more complexsa®tions of how images can be

segmented and objects recognized.
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APPENDIX

A. Inference Algorithms

For all the models presented, computing the posterioribigion of a segmentation given the observed data
(single image or image collection) is intractable. Therefone developed a family of approximate inference
algorithms, one for each presented model. Our algorithrasafirbased on Gibbs sampling [42].

1) Single Image Segmentatiomve rst present the inference algorithm for segmenting agkinmage
(model in Fig. 1). Letp(chjc n;X) be the posterior distribution of the segment labglfor the n'th pixel given
the segment labels , of all the other pixels in the image and all the feature vextorof all the pixels in the

image. Using Bayes' rule we obtain:
p(ch = Kjc n;x)/ p(Xnjca = K;X niC n)p(CajC n): (8)

The rst term of of Eq. 8 is the likelihood of the feature vectq, to be in thek-th segment. The expression for
this term depends on the model used to represent the sedroertxample using the non-parametric approximation
of Eq. 3 we have:

. 1 X
p(Xnjch = K;X n;Cn) = fk(Xn) = Ne K (Xn;X;) )
j2Sk

where the kernel valuds (x,;Xj) = Apj represent the af nity betweer,, andx; 12 5, is the set of observations
in segmenk, excluding the observation, andNy is the cardinality of segmer8y. Similarly if we are using the

semi-parametric model of Section 11-A3 the likelihood terimecomes:

K

p(xnjcn = Kix nicn) =(1 )N—lki K(Xnixj)+ G ki k) (10)
whereG((xn; «; k) is a multivariate Gaussian distribution angd and ¢ are the mean and covariance matrix of
segmenk. These two quantities could be modeled as additional rangemmbles with suitable prior distribution,
for example a Normal Inverse-Wishart distribution). Theaadom variables could also be sampled from their
posterior distribution given the observationsand the segment labeling However, in our experiments we found
that treating them as parameters and computing their valusample mean and covariance of the observations in
each segment (which corresponds to a Maximum Likelihooomesbr for them). This algorithm can be seen as
a version of Monte Carlo EM [57] with the E-step implementeihg the a single Gibbs sampling round for the
segment labels and the M-step implemented by the maximization of likelitiad the observation and labels over
the parameter and ¢ of each semi-parametric distribution.

The second term of Eq. 8 is the a priori probability for obsgion n to be in segmenk, given the segment

labels of all the other observations. Since we are assumibgiehlet distribution for the mixing coef cients we

2TheAy are the entries of the af nity matrix used by the Normalizedt G@egmentation algorithm. They can be precomputed

before the inference step.
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can marginalize this hidden random and obtain the closeud ftpression:

Nk+d<
(N 1)+'k k

p(cn = Kjc n) = : (11)

whereNy is the cardinality of segmer8¢ and  are the hyperparameters of the Dirichlet distribution of

Using Eq. 9, or Eq. 10 for the semi-parametric model, and Hqw#& can compute the posterior distribution in
Eqg. 8. We can therefore run a Gibbs sampling algorithm to inbéamples ofc from p(cjx). All the quantities
used to compute the posterior can either be precomputeditix af nitiesK (x;; x;) = Aj; , or updated ef ciently
like the countaNy

Given the samples from(cjx) obtained by Gibbs sampling, it is possible to estimate ah géxel the segment
assignment probabilities. To obtain a segmentation of itege the MAP estimator at each pixel can be used.

2) Image Collection Segmentatiorno estimate the posterior distributigr(cjx;w) we can extend the
Gibbs sampling algorithm previously presented. pétnn jC mn ; X; W) be the posterior distribution of the hidden
segment labet,, of the n'th pixel in imagem given the class labels 1, of all the other pixels in all the other

images, all the feature vectoxsand all the visual wordsv. This yields:
P(Cmn = KiC mn i X; W)/ p(Xmn ; Wmn jCmn = K; X mn ;W mn;C mn)P(Cmn jC mn): (12)

In our model the feature vectatr,, and visual wordvy,, are assumed to be independent given the segment label

cmn - We can, therefore, decompose the likelihood term as thduato

P(Xmn ; Wmn JCmn = K;X mn ;W mniC mn) = P(XmnjCmn = K;X mniC mn)P(Wmn jCnn = KiW mn ;€ mn):
(13)
The rst term of Eqg. 13 is the likelihood of the feature vectay, to be in thek-th segment of imagen. Using
the non-parametric approximation of Eq. 3 this term can h@essed as:

1

k;m

P(Xmn jCmn = K; X mn ;Cmn) = fI?(;m (x) = K (Xmn » Xmj ) (14)

i2Skm

where the kernel valueK (Xmn ; Xmj ) = Anmj represent the af nity betwee®mn , and Xmj , Sk;m is the set of
feature vectors in segmehktin imagem, excluding the vecton, andNy., is the cardinality of segmer8.n, .
The second term of Eq. 13 is the likelihood of the visual wakgl, to belong to the topic distributiony. Given
the conjugate prior overy (see Eg. 7) we obtain:

NWmn K + .

15
N+ 'V 15)

P(Wmn ;jCmn = K;W mn;C mn) =

whereNy,.,, « is the number of pixels with visual wordi,, assigned to segmetkt in all the images of the
collection, N is the total number of observations assigned to segrkerand " is the hyperparameter of the
Dirichlet prior over the topic distributionsy's.

As in Appendix Al, the prior term of Eq. 12 can be written as:

o+
Mom * pr (16)

P(Cmn = KjC mn) = (Nm 1)+ p
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whereNy.,, is the cardinality of segmer8 in imagem, N, is the number of pixels in imag® and  are the
hyperparameters of the Dirichlet prior ovey,.
Combining Eqg. 14, Eq. 15, and Eqg. 16 we obtain the followingrezsion for the conditional probabilities used in

the Gibbs sampling:
0 1

1

k;m

K (Xmn y Xmj )A
j 2 Skm

B(Cmn = KiX;WiC m)/ @ Ny e * Nem * g 17)
k

Nk + "V (Nm D1+

All the quantities in Eq. 17 can either be precomputed, like &f nities K (x;;Xxj) = Aj , or updated very
ef ciently. Given the samples fronp(cjx;w) by Gibbs sampling, it is possible to assign each pixel to anseq
using the MAP estimator. The segment distributibpg, and the topic distributionsy can be estimated given the

assignment.

B. Segmetation results

This section reports numerical comparisons between theDA-land other segmentation/recognition methods

and some representative examples of the segmetation etthiom the A-LDA.

Class S-LDA (Wang et al.) A-LDA
Detection‘ False Al ‘ Accuracy* Detection‘ False Al ‘ Accuracy

cows 0.5662 0.0334 0.3513 0.3796 0.1191 0.1193
grass N/A N/A N/A 0.6910 0.0434 0.5904
cars 0.6838 0.2437 0.1381 0.2888 0.0331 0.1878
sea N/A N/A N/A 0.3735 0.0087 0.1688
buildings N/A N/A N/A 0.2884 0.1004 0.1552
foliage N/A N/A N/A 0.5403 0.0852 0.2892
sky N/A N/A N/A 0.5729 0.0271 0.4524
airplanes N/A N/A N/A 0.2108 0.0539 0.0688
bikes 0.5661 0.3714 0.0672 0.6789 0.1072 0.2161
faces 0.6973 0.4217 0.0481 0.7038 0.0349 0.3323

TABLE |

COMPARISON OF OUR MODEL(A-LDA) WITH THE PROBABILISTIC MODEL OFWANG AND GRIMSON (S-LDA) [17].
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A-LDA Image LDA A-LDA Image LDA A-LDA Image

LDA

Fig. 16. Unsupervised segmentation and recognition resuien only RGB information is used to construct the visualdso
Three panel are presented. In each of the three panels wenpitee original image, the segmentation using the A-LDA etod
and the segmentation using the LDA model. The three panels e different types of images: cows, trees, and facesaFor

speci ¢ model the same color in different images identi é&tsame topic segment.
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A-LDA Image LDA A-LDA Image LDA A-LDA Image

LDA

Fig. 17. Unsupervised segmentation and recognition whaar fesponses are used to construct the visual words. Siynita
Fig. 16, three panel we present. In each of the three panelsresent the original image, the segmentation using the A-LD
model and the segmentation using the LDA model. The threelpamow different types of images: cows, trees, and faaas. F

a speci ¢ model the same color in different images identithe same topic segment.
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Model Buil. | Grass| Tree | Cow | Sheep| Sky | Airpl. | Water | Face| Car | Bic.
A-LDA (v1) 16 60 29 12 X 45 7 17 33 19 22
A-LDA 11 61 32 10 4 39 3 20 22 6 32
LDA 4 47 8 6 5 22 7 16 24 6 0
[52] 52 87 68 73 84 94 88 73 70 68 74
[53] 62 98 86 58 50 83 60 53 74 | 63 | 75
[54] 49 88 79 97 97 78 82 54 87 74 72
Model Flower | Sign | Bird | Book | Chair | Road | Cat | Dog | Body | Boat
A-LDA (v1) X X X X X X X X X X
A-LDA 16 8 1 9 4 16 5 3 3 4
LDA 29 2 0 24 3 14 0 1 5 0
[52] 89 33 19 78 34 89 46 49 54 31
[53] 63 35 19 92 15 86 54 | 19 62 7
[54] 74 36 | 24 | 93 51 78 | 75| 35 | 66 18
TABLE 1

SEGMENTATION ACCURACY (IN PERCENT) FOR THEMSRCV2 DATASET. THE FIRST ROW REPORTS THE ACCURACY OF THE
A-LDA WHEN CONSIDERING ONLY THOSE IMAGES THAT ARE ALSO IN THEMSRCVv1 DATASET.

November 13, 2011 DRAFT



