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Abstract

Natural scene categorization of images represents a very
useful task for automatic image analysis systems in a wide
variety of applications. In the literature, several methods
have been proposed facing this issue with excellent results.
Typically, features of several types are clustered so as to
generate a vocabulary able to efficiently represent the con-
sidered image collection. This vocabulary is formed by a
discrete set of visual codewords whose co-occurrence or
composition allows to classify the scene category. A com-
mon drawback of these methods is that features are usu-
ally extracted from the whole image, actually disregarding
whether they derive from the scene to be classified or other
objects, independent from the scene, eventually present in
it. As quoted by perceptual studies, features regarding ob-
jects present in an image are not useful to scene catego-
rization, indeed bringing an important source of clutter,
in dependence of their size. In this paper, a novel, multi-
scale, statistical approach for image representation aimed
at scene categorization is presented. The method is able
to select, at different scales, sets of features that represent
exclusively the scene disregarding other non-characteristic,
clutter, elements. The proposed procedure, based on a gen-
erative model, is then able to produce a robust representa-
tion scheme useful for image classification. The obtained
results are very convincing and prove the goodness of the
approach even by just considering simple features like local
color image histograms.

1 Introduction

In the machine learning literature, the term “natural
scene” is usually intended as the one ofa semantically
coherent, namable human-scaled view of an outdoor real
world environment[4], and the term “natural scene cate-
gorization“ refers to the task of grouping images into se-

mantically meaningful categories [18]. Natural scene cat-
egorization is without doubts a difficult task and an open
research field, because any natural scene category will be
characterized by a high degree of diversity and potential
ambiguities. Consequently, many efforts are spent on scene
categorization, and a huge amount of different approaches
are present in literature [18, 10, 7, 13, 8]. In this multi-
faceted research field, it is widely accepted that methods
which provides high categorization accuracies are not the
best methodsin an absolute sense,i.e., high accuracy should
not be the primary evaluation criterion for categorization;
instead, emphasis should also be given onhow high accu-
racy is reached, in order to ensure generalization and ro-
bustness.
Typicality-oriented categorization approaches are just fo-
cused on these aims, employing categorization measures
which implicitly ignore occasional or unexpected visual ob-
jects in an image, highlighting viceversa expected (i.e., typi-
cal) patterns [18]. This idea finds confirmation by a psycho-
logical cognitive perspective, because it is well-known that
human relies on global visual properties to exploit scene
classification, avoiding to perform recognition of particu-
lar objects in the scene [10]. As example, see Fig.1: first
two images in the fourth row, extracted randomly from
the “Swiss mountains” class from the Washington image
database1, are undoubtedly related because of the presence
of snow-rockpatterns, that typically represent mountains,
while the presence of persons plays a marginal role. In this
paper, we propose a statistical image representation method
for natural scene categorization purposes, which is based on
a hierarchical feature extraction scheme. We call this model
hierarchical pattern(HP) model. Images in a database are
first considered as whole entities, trying to organize them
taking into account only for frequent and global patterns,
disregarding small-size and/or unexpected visual entities.
This permits to group together images representing homo-
geneously typical patterns such as the first two bushes im-

1http://www.cs.washington.edu/research/imagedatabase/
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Figure 1. Categorization results on images
taken form the test database.

ages depicted in Fig.1, first row. The representation mecha-
nism is further applied at a finer scale to those images which
depict partially and/or in combination differentlocal typical
patterns, obtaining so a structured categorization labeling,
as depicted in Fig.1. Our representation scheme is evaluated
both qualitatively and quantitatively using cross-validation
on standard data, and compared with several state-of-the-art
methods.
The rest of the paper is organized as follows. Recent stud-
ies of image categorization are briefly reviewed in Section
2. Section 3 gives a general view of the proposed approach,
whose details are extensively described in Sections 4 and
5. Finally, Section 6 reports experimental results and con-
cludes the paper.

2 Related work
Methods for scene categorization can be separated in lo-

cal and global methods. The main hypothesis underlying
local approaches is that a landscape depicted at different
view-angles and lighting conditions produces images which
are globally very different, but locally similar. This because
features which characterize natural images are very redun-
dant, co-occurrent and therefore robust to clutter.
Local methods increased their importance in these last
years, due to the “bag of words” paradigm [5]. Transposed
to the image domain, a bag of words becomes a bag of “vis-
terms”, i.e. visual features co-occurring in the image [8].
The drawback of these methods is that this representation
contains no information about the relative spatial relation-
ship of the visterms. In [11] a local method based on bag
of visterms is proposed for scene categorization. Visterms
here are cluster centroids of SIFT features [1] found by K-
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Figure 2. Hierarchical pattern model.

means [3]. Experiments are divided in three separate prob-
lems aimed at distinguish indoor/outdoor, city/landscape,
sunset/mountain/forest scenes. In [13], bags of visterms
have been augmented with a “weak” local spatial model-
ing. In [7], the idea is to repeatedly subdividing the image
and computing histogram of local features at increasingly
finer resolution.
Global analysis to perform scene categorization represents
the first strategy adopted in the machine learning literature
[14, 16, 12]. Recently, Oliva and Torralba propose a general
global algorithm for describing images [9], refined more
recently in [10]. The key concept is the spatial envelope,
which encode five global properties of the scenes (natural-
ness, openness, roughness, expansion, ruggedness). The ap-
proach extracts features from the images power spectrum by
convolving it with Gabor-like filters at 12 orientations and
5 scales.

3 Outline of the proposed approach
The proposed HP model analyzes images in a hierarchi-

cal fashion with a two-step process, starting from hierarchy
detail levels = 0, i.e., considering the images as whole en-
tities. The whole process is depicted schematically in Fig.2.
The first step is calledprototype creation; in practice, im-
ages are thought as generated by typical prototypes,i.e.,
patterns that bring onlyfrequent and globalvisual traits of
the images, plus random noise. Prototype creation consists
in learning via generative modeling such prototypes, and
the noise distribution. The second step is calledprototype
evaluation. Here, images are tried to be organized in dis-
tinct classes by taking into account for prototypes as class
templates. Images class membership is evaluated through
an ad-hoc similarity distance. After this, images depicting
homogeneously distinct environmental visual patterns (such
as thebushespatterns exhibited in the first two images of the
first row of Fig.2), are grouped together.
If some images remain un-labeled,i.e., they are not glob-



ally valid members of any category (such as the third im-
age in Fig.2, first row), a finer categorization is performed,
by dividing them in 4 squared non-overlapping patches (de-
tail level s = 1). Therefore, such patches are tried to be
labeled using pre-existent global labels, exploiting the in-
tuition that some local patterns could represent global pat-
terns depicted at a smaller scale. Eventual remaining unla-
beled patches will be re-organized together, forming novel
local typical patterns, re-proposing the prototype creation
process at a finer scales = 1. In this way,frequent and lo-
cal patterns concur to create local descriptions, which pro-
vide structured categorization of an image.
This mechanism of prototype creation and evaluation is per-
formed iteratively by evaluating at levels = i squared
patches corresponding to1/2i-th of an image, until a user-
defined levels = sMAX is reached. As robust image de-
scription, we choose a quantized color-histogram in HSV
color space. In this way, each imagez is specified by the
histogram’s bins valuesh = h1, . . . hM , whereM varies
depending on the quantization selected; in this case we
quantize the HSV space with hue= 20, saturation= 4 and
value= 4 bins, for a total ofM = 320 bins. In the fol-
lowing, we intend the image histogram and the image as the
same entity, distinguishing them whereas necessary.
Note that the choice of color histogram is functional to show
the potentialities of the proposed method, but other, more
informative, histogram representations could be used. Pur-
pose of this paper is to show the expressivity of our method
using a simple image descriptor.

4 Prototype creation

The goal of this step is to extract from a pool of HSV
image histograms a set ofB typical histogram prototypes,
plus a set ofB relatedtypical masks. Eachb-th mask iso-
lates the color bins which are more representative for theb-
th prototype. Histogram prototypes are estimated by learn-
ing a generative graphical model; each one of them repre-
sents a typical image pattern. The generative process that
forms an observed image histogramh is the following one:
starting from a prototype classb extracted with probability
πb, then, conditioned onb, a latent binary mask variable
m = (m1 . . . mM ) parameterized byαb is chosen. Then,
conditioned on the values of the mask and the prototype
class, the observed histogramh is extracted; in practice,
whereas the mask bins permit it, that is, whereas{mi} = 1,
the bins of the observed image histogram are independently
extracted with probability following a Gaussian distribution
N (µ(b),Σ(b)), whereΣ(b) = σ2I. The formal prototype
creation generative model is shown in Fig.3 (left). In Fig.3
(right), the generative process is explained using an exam-
ple taken from the experimental data, and rearranged to fit
in the figure (i.e. we quantize the HSV color space into
M=20 color levels, instead of 320): please note that in the
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Figure 3. Prototype creation generative
model: on the left, the formal model; on the
right, the histogram generative process.

image on the bottom, red persons are considered as unex-
pected patterns by the prototypeb = 8. In facts, theαb mask
distribution for that class excludes bins that range from the
16-th until the20-th. Histogram bin values from the1-th to
the16-th are chosen extracting from theµ(b),Σ(b) param-
eters, shown in the figure error bar (Fig.3). Summarizing,
the joint probability of the model is the following:

P (h,m,b) = P (b) ·

(

M
∏

i=1

P (mi|b)

)

·

(

M
∏

i=1

P (hi|mi,b)

)

(1)

wherehi indicates thei-th histogram bin,mi the i-th mask
value andM the number of bins of the histogram. Parame-
terizing the joint we obtain

P (h,m,b) =

πb ·
M
∏

i=1

αmi

bi (1 − αbi)
1−miN (hi; µ

(b)
i , Σ

(b)
i )mi (2)

whereµ(b)
i andΣ

(b)
i are respectively thei-th mean and vari-

ance values of theb-th prototype which model thei-th ob-
served histogram bin, andαbi the probability thatmi = 1,
related to prototypeb. The parameters learning has been
performed using the Expectation Maximization (EM) algo-
rithm, in a mean field variational version [6]. The learn-
ing step converges averagely after 15-20 iterations. In this
way,B histogram prototypes can be estimated, by evaluat-
ing µ

(b)
i andΣ

(b)
i .

5 Prototype evaluation
Theprototype evaluationstep uses the prototypes found

in the former steps, to separate image histograms in dis-
joint classes. Given an image histogramh, we calculate its
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distance with all the histogram prototypes; the aim is here
not only to evaluate the “nearest” prototype, which would
give an appropriate class label. Actually, for this task,
using simply the likelihoodP (h|b)=

∑

m
P (h,m|b)=

P (h|m,b)P (m|b) would be enough. Instead, we need
a distance that 1) gives the nearest prototype; 2) indicates
when an histogramh represents an image which has to be
locally further analyzed. Therefore, as similarity distance,
we employ theintersection distancewhich is a robust dis-
similarity measure among histograms. The intersection dis-
tance is evaluated between a test histogramh and a proto-
typeµ(b) and it is defined as follows:

DInt(µ
(b),h) = 1 −

∑M

i min
(

hi, µi
(b)
)

|hi|
(3)

The negative term above measures the percentage of the im-
age histogramh covered by theb-th prototype; note that
DInt ∈ [0, 1] 2.
Setting a thresholdτ on this distance permit us to 1) choose
those images which belong to a particular prototypeb, i.e.,
whose minimal distanceD is realized with theb-th proto-
typeandit is belowτ ; 2) deciding which images need to be
split and further analyzedi.e., whose minimal distanceD is
realized with theb-th prototypeand it is aboveτ . In this
paper, we chooseτ = 0.5. In this way, we can devise a par-
tition which separates images well modeled by a histogram
prototype, forming the set{z(OK,s=0)}, and images which
are not, forming the set{z(NO,s=0)}, wheres = 0 indicates
the detail level in which images are taken as whole entities.
Images in {z(NO,s=0)} are thus divided in 4 not-
overlapping squared regions, forming the set{z(NO,s=1)},
where the apexs = 1 addresses quarters of images (i.e., his-
tograms calculated on quarters of images). Figure 4a shows
the situation after the first prototype evaluation step. All
the images whose distance from the prototypes exceeds the
thresholdτ will be split.

2A different distance which considers also the variance of the prototype
is currently under study. Anyway, results obtained with theD distance
satisfy us.

Considering each imagez ∈ {z(NO,s=1)}, we can evalu-
ate two possibilities: 1) it is modeled by a pre-existent pro-
totype at previous levels (in this case onlys = 0), or 2)
it could represent a novel prototype. To check 1), we up-
sample via bi-cubic interpolation the regions{z(NO,s=1)}
in order to build up-sampled histograms{h̃(NO,s=1)}
which are equinumerous with the ones of the previous detail
level (s = 0).
At this point, the classification via the intersection distance
is applied again, still using the threshold valueτ = 0.5.
Some of the regions can now be assigned to one of the pre-
determined global prototypes, enlarging the related class.
All the other regions are sent back to the prototype creation
process, which can be applied now at a smaller scales = 1;
doing this, it will be possible to find a set of region proto-
types which can explain local and repetitive aspects of the
images.
The process of prototype creation-evaluation is thus reit-
erated until a smaller scalesMAX is reached, set here to
sMAX = 2. Note that the last prototype evaluation step
does not necessarily assign a class label to all the regions:
if a region has a distance value higher than the thresholdτ
for each prototype it will be labeled asunknownsector.
After that, each image could be explained with a structure of
typical pattern classes; in order to assign an intuitive mean-
ing to each class, we introduce thevisual prototypeof class
b as the region (image, quarter of image, etc.) whose his-
togramh is nearest to the prototypeµ(b) (Fig.4b).

6 Experiments and discussions
The images used to train the HP model are taken from

the Washington database. Such data-set is divided in 22
categories, originally created for object recognition pur-
poses, so not well-suited for our goals. As in [15, 17], we
took only a subset of the database to preserve the consis-
tency with our goals, which are:Arborgreens, Green
Lake, Cherry, Swiss Mountains andGreenland
for a total amount of nearly 450 images, similarly as quan-
tity to what done by [17].
At each prototype creation step we learnB = 5 prototypes
and we setsMAX = 3, considering thus1/16 of images.
Related classes found after the prototype evaluation steps
are deleted if they contain less than5 images. At the end of
the HP process, we found 9 prototypes, founded at differ-
ent detail levels; the related visual prototypes are depicted
in Fig.5. As test for the significance of the obtained pro-
totypes, we consider the ground truth semantic annotations
of the Washington database, and we draw a correspondence
table of that annotations with our prototypes. In such ta-
ble, we report those correspondences that hold more than
the 90% of cases examined (see Tab.6),i.e., in 100 times
we find an image in which a region belonging to class 1 is
present, in the annotations of that image we found at least



Table 1. Correspondence between concepts.
HP Model prototypes Washington annotations

Class 1 Frozen lake, Grass
Mountain, Rocks, Ground.

Class 2 Cherry tree, Tree, Trunk
Class 3 Frozen lake, Grass

Clear Sky, Cloudy sky, Clouds
Partially cloudy sky

Class 4 Trees, Bushes, Trunk, Fern, Lilly
Class 5 Grass, Bush, Flowers, Ground.
Class 6 Snow, Rockes, Ice, Clear Sky
Class 7 Water
Class 8 Street, Trail, Sidewalk
Class 9 Cherry tree, Flowers

90 times the “Frozen lake” and “Grass” annotations. The
typicality of the classes found is evident: therefore, we la-
bel the classes as, respectively:Wilderness, Cherry Flow-
ers, Wilderness + Sky, Foliage, Field/Bush, High Mountain,
Water, StreetandCherry Gems. We then apply these labels
to each image of the database, creating a sort of rough seg-
mentation, in whichnaturalscene labels are given, without
taking into account for unexpected patterns (see Fig.1). In

Cl. 1− Wilderness, s = 0 Cl.2 − Cherry !owers, s = 1 Cl.3 - Wild. + Sly, s = 0 

Cl. 4 −  Foliage, s = 1 Cl. 5 −  Field / Bush, s = 2 Cl. 6 − High Mountain.  s = 0

Cl. 7 −  Water, s = 1 Cl. 8 −  Street, s = 1 Cl. 9 −  Cherry gems, s = 2

Figure 5. Visual prototypes.
order to evaluate thepeculiarityof the typical patterns, we
create a “ground truth” database, by manually labeling all
the images of our database, using the typical pattern labels
over regions large 1/16 of image. Then, we repeatedly ex-
tract a small training set (10% of the total images) using
the un-labeled images, with which we learn the HP model;
subsequently, we evaluate the correspondences of the labels
given by our approach with those given manually. The re-
sulting classification table is depicted in Tab.2.

6.1 Comparison with a semantic modeling
with SIFT and pLSA

In [2] outperformingscene classification resultsare pre-
sented, obtained using pLSA and color SIFT features.

Table 2. Confusion matrix representing the
concepts classification.

Overall Classification in %
77%

wi cf fi fo st wa cg hm

True Class
Wilderness 100 0 0 0 0 0 0 0
Cherry flowers 0 88 0 0 0 0 10 2
Field / Bush 0 0 69 19 9 0 3 0
Foliage 1 2 6 66 10 9 0 6
Streets 0 0 0 9 76 5 0 10
Water 0 0 8 12 2 67 2 9
Cherry gems 0 14 2 0 0 0 78 6
High Mountain 0 0 0 0 0 9 14 77
Unknown 5 0 5 3 13 28 6 43

1 2 3 4 5 6 7 8 9 10
0%

50%

Class

a) b) c)           CLASS 2
Pattern: Cherry !owers

         CLASS 4
   Pattern: Foliage

Figure 6.

Briefly speaking, with pLSA each imagez is modeled as
a mixture oftopics(MOT) t = t1, . . . , tB . We do the same
with our typical patterns, creating thepattern-occurrence
vector(POV) which is essentially a normalized histogram
of the class (pattern) occurrences in an image (Fig.6c). In
order to compare our approach with [2], we run pLSA using
B = 10 topics, using the same features used in that paper.
Then, for each image, we have a particular MOT and POV.
In order to discover how much is informative such charac-
terization, we calculate thecategoryPOV, i.e., the average
POV built by considering all the POV of a given category,
which is

pc =
1

Nc

Nc
∑

j=1

POV(j) (4)

wherec refers to one of the five Washington categories con-
sidered, andNc is the number of images in that category.
The do the same with the MOT’s, building thecategory
MOT. Figure 7 displays thecategoryPOV andMOT with
the related standard deviations for each typical pattern/topic
c. The figure easily reveals which semantic concepts are
especially discriminant for each category. In particular,re-
garding the POVs, every category has it own characteristic
pattern: foliage for Arborgreens,field/bushandwater for
Green lake,cherry flowersfor Cherries,high mountainfor
Swiss mountains andwildernessfor Greenland. Such peaky
trend is absent in the MOTs. The reason stays at “feature
level”. While SIFT features are the optimum for object or



1 2 3 4 5 6 7 8 9 10
0

0 / 1

1 
Arborgreens

1 2 3 4 5 6 7 8 9 10
0

0 / 1

1
Green Lake

1 2 3 4 5 6 7 8 9 10
0

0 / 1

1 
Cherries

1 2 3 4 5 6 7 8 9 10
0

0 / 1

1 
Swiss Mountains

1 2 3 4 5 6 7 8 9 10
0

0 / 1

1 
Greenland

Category POV
Category MOT
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general scene recognition, for natural scene recognition or
image semantical analysis they provide poor performance
as they try to classify an image through the “visual objects”
that appear within (Fig.8), such as cars, persons or animals,
unimportant for natural scene categorization. As quantita-

Figure 8. Two images and the SIFT features
identified marked with a square.

tive test of the category description ability of our method,
we calculate the confusion matrices of thecategoryPOV
and MOT, calculating the inter category intersection dis-
tance, normalized to[0, 1], amongcategoryPOV (Fig.9, on
the left) andMOT (Fig.9, on the rigth).

Figure 9.
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