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Abstract

This paper introduces a system for recognizing indoor scene
images. The system aims at recognizing the environment
illustrated in an image and assigning an appropriate semantic
label to it. Developing such systems is one of the most important
issues in the field of machine vision and robotics. They are
extensively used in object recognition, image and video semantic
recognition, motion detection, positioning, and robot direction.
The overall algorithm involves three major steps. The first is to
extract local information and spatial relationships in the images,
modeling the environment based on those pieces of information,
and using this model for the semantic sectioning of the image
and labeling local areas using graph-based energy minimization
algorithm. Results show that this system can perform as well as
other object-based and 3D-image features-based environment
recognition systems.
Keywords: Computer Vision, Scene Recognition, Semantic
Segmentation, Local Semantic Concepts.

1. Introduction

Scene is a perspective of the real world, which is
comprised of multiple objects and levels which are
meaningfully positioned alongside one another. Scene
could be categorized into indoor and outdoor scenes.
Indoor scene includes covered spaces, such as kitchen,
hospital, while outdoor scenes include open spaces, such
as streets, beaches, and mountains. The proposed system
aims at recognizing the scene illustrated in images and
assigning appropriate semantic labels to them[1].
Developing such systems is one of the most important
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issues in machine vision and robotics. They are
extensively used in object recognition, image and video
semantic recognition, motion detection, positioning, and
robot direction.

Multiple methods have been proposed in the field of
scene recognition. Bosch [2], considers representing scene
image information and describing it, and learning scene
model based on those representations as the most
important steps in scene recognition algorithms.
According to this, scene recognition methods are divided
into two categories:

e Modeling based on low-level features

e  Semantic modeling

Low-level features-based modeling methods use low-
level features, such as color, texture, edge, and at times,
entropy, and pixel or shape illumination in inferring
higher-level information. These methods assume that the
type of scene could be recognized directly based on low-
level features.

Other modeling methods based one low-level features
include the ones introduced in [3] and [4]. They exploit
the prominent direction of the edge and joints in images to
recognize the scene. In [5], color histograms was used.
Then, these histogram classes were used for classifying
indoor and outdoor scenes. The methods introduced in [6]
and [7] used spectral analysis for recognizing outdoor
scenes. In [8], illumination of the image was used in
recognizing the environment.

The main issue in aforementioned methods is that
they cannot be applied to unseen images. Due to inter-
class diversity and similarity between various scene
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classes, using low-level features of the image cannot
produce a comprehensive model for complex scenes. The
other problem with such methods is that they do not
exploit important semantic information of the image
which can help in scene recognition. Although they have a
high performance in recognizing outdoor images and
landscapes, they have a low performance in recognizing
indoor scene images.

In order to overcome the problems of scene modeling
based on low-level features, modeling methods based on
semantic information were introduced. In semantic
modeling, semantic concepts, such as sky, lawn, water,
and etc. are used alongside low-level features in scene
recognition.  These methods are classified into the
following:

e Semantic objects

e Local semantic concept

e Semantic properties

The methods, which are based on semantic
objects, use the objects in the scene to describe them. One
of these methods is introduced in [9], which recognizes
indoor scene images. It combines global and local features
for detecting the objects in the scene. In [10] and [11],
common objects in images were used for representing
central semantic for recognizing the indoor scene images.
In this method, visual features of different areas in the
image and spatial features are extracted using a 3D sensor
for identifying objects and associating objects to scenes.
In [12], [13], [14], [15], and [16], depth features of images
are extracted using RGB-D sensors for recognizing objects
and, subsequently, the scene. In [17], shape properties,
such as the reflection, and illumination caused by the
existing objects in the image are used in recognizing
objects and scenes. Although using objects for recognizing
indoor scenes seems to be efficient, in complex and
disordered scenes, it is impossible to properly identify
objects, even using state-of-the-art and highly successful
detection methods.

As an alternative, methods have been proposed to
model the scene based on local semantic concepts. In these
methods, central features are extracted using local
descriptors around specific points in the image. Based on
those features, the meaning of the scene is represented. An
example of these methods could be found in [18], where
indoor and outdoor scenes were recoghized based on
global geometric correspondence estimation. In this
method, the image is incrementally divided into sub-
sections. Then, for each section, local feature histogram is
extracted. This structure is called "spatial pyramid.”
Using such structures does not constantly give correct
results since coded spatial information is very limited in
this method. This limitation stems from the fact that it is
assumed that major section related to the images with
similar scenes should happen in cells that are similar to the
pyramid. In [19], alongside feature histograms, directions
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in 3D space were also exploited. In [20], for adding spatial
data of major points of the image, their relative position
was used, rather than spatial pyramid. As with spatial
pyramid method, this method, which was used for
recognizing indoor scenes, have some limitation. In [21],
for recognizing outdoor scenes, other than using the
relative positions of major points, their co-occurrence
frequency was also used.

In contrast to previous methods, the methods which
are based on semantic features use the visual features of
images, rather than object information. In fact, they use
naturalness, openness, expansion, ruggedness, and
roughness features, rather than man-madness, the
existence of horizontal line, perspective in man-made
scenes, deviation from horizon in natural scene images,
and fractal complexity, respectively, which are shared by
images from similar classes. Each feature constructs one
dimension of the environment and all features introduce
the dominant spatial structure of the scene. Scene type is
determined based on the membership in each of these
features [22]. While this method performs well in
recognizing outdoor images, it performs poorly in
recognizing indoor scenes. It is because most indoor
scenes contain complex structures which are not
identifiable by such features.

Since semantic modeling exploits the highest amount
of information in recognition, this paper used it for solving
scene recognition problem. Since indoor scenes are mostly
complex and lack an overall structure, using object or
semantic features is not useful. Therefore, the aim of this
paper was to propose a method for recognizing indoor
scenes based on local semantic concepts, which can
overcome indoor scene problems and are efficient.

2. Proposed method

Semantic labeling of various sections of the image
was used in the proposed method. Using semantic
segmentation [23], each section of the image is labeled by
the name of an appropriate object. The overall stages
involved in the proposed method are described later.

2.1 Making training images

First, training images are divided into smaller
sections, called turbo pixels using hyper segmentation
algorithms. These turbo pixels are moderately
homogeneous sections of an image, each of which
correspond to the semantic objects of the image [24].
Then, each section of the image is labeled appropriately.
Each class of object labels are recognized by a unique
color. Figure 1. An example of hyper segmented image
along with its corresponding labeled image.
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2.2 Image feature extraction

In the next stage, image features are extracted using
histogram of oriented gradients (HoG), scale-invariant
feature transform (STIF), and local binary patterns (LBP)
descriptors. SIFT descriptors are one of the most powerful
tools in extracting key points of an image. These key
points are mostly located at the corners, troughs, and T-
shaped joints of the image. The features extracted using
this descriptor are tolerant of changes in image scale,
skewness, and rotation [25]. HoG descriptor is one of the
descriptors of machine vision which describes the edge
features of images by calculating the number of gradient
direction occurrences in various sections [26]. LBP
algorithm is also used for extracting image texture
features. The most important features of this algorithm is
its being tolerant to changes in scale, direction, and
illumination [27]. Figure 2 shows the extracted features of
the images.

2.3 Forming a library of image features

The feature vectors determined using each descriptor
is separately classified using K-means algorithm. The
center of each cluster is named "visual word." The
determined visual word for each descriptor is stored in
separate libraries. Based on the number of their
occurrences in each image, a histogram is formed for the
image using which the image is represented. Hence, there
will be three distinct libraries with Vvisual words. By
using them for each picture, three different representations
of V =[vy,v,,...,vp] are formed based on the used
descriptors. The most important advantage of creating
distinct histograms for each descriptor is the ability to
learn distinctively and storing all obtained data from
images.

2.4 Semantic segmentation

Assume that each image is segmented into Tsections
and that there are L classes of different labels for each
image. Semantic segmentation of each image determines
the labeling vector L = (I3, 1y, ...,1;)T which assigns a
single label [; € {1,2,...,L} to each sectioni. Having
obtained feature vector V = [vy,v,,..,vr], labeling
probability L for each section is estimated as below:

P(VIL)P(L)

P(LW):W )
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For estimating labeling probability L, maximum
aposterior probability (MAP) is used as follows:
argmax; P(L|V) = argmax; P(V|L)P(L) @)

Probability P(V|L) could be expressed as follows
using chain rule:

P(vllll)P(v2 |v1‘ll, lz) W P(p|v1, Vg, o, v, L)

o

d [

Figure 2: Data extracted from images a) the main image, b) key points
extracted by SIFT descriptor which are marked with blue points, c) edge
direction extracted using HoG descriptor, d) texture information
extracted using LBP descriptor

Therefore, in order to estimate probabilityP (V|L),
the probability of adjacent areas should be also
considered. Therefore, probability P(V|L) is calculated as
follows:

T 8
P(VIL) = HHP(viIBi,,-, 1) @)

i=1 j=1
where B;; is a sub-set of visual words that
emerged in the neighborhood in the direction jwith a
depth of 2 and there are i. Neighborhood with depth 2 of
section I includes direct neighbors and the neighbors of
direct neighbors. Two sections are neighbors if they have
at least one pixel in common in 8 neighborhood of each
other. Therefore, in training, for each class, the co-
occurrence probability label of different visual words in 8
directions of neighborhood are calculated. Therefore,
conditional probability P(v;|B;j,1;) is calculated as
follows:
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1 this section depends on the co-occurrence of three
P(vi[By;, 1) = (Brv1 POl probabilities P(v,’|B, 1), P(vy|B, 1), and P (vg|B, 1):
. 4 )
+ ), Pead1) @ Wi = P, 1B, 1) X P(v1B,1) x PsIB, D
keBi, & P(v|B,1) x P(vy|B, 1) (8)
x P(vg|B, 1)

Probability value P(v;|l;) is calculated based on the
occurrence of visual word i with label [; in visual words
library. Note that the probability P(V|L) for each visual
word using each descriptor is calculated separately.

For calculating the co-occurrence probability of
visual words, co-occurrence matrix is used. To do this, 8
co-occurrence matrixes € with dimensions of |V| x |V| X
|L| are used, where V is the total number of visual words
in the library and L is the number of labels. This matrix is
formed as follows:

1. Repeating steps 2 and 3 for training images and their
neighborhood with specific label.

2. For section i, all k of the neighborhoods in the
direction j at depth 2 are found. Visual words v; and
v, for these sections are extracted using libraries.

3. One is added to the value of element C;(v;, vy, [;) for
all k which have [; = [,.

4. Matrix C; should be normalized after formation so
much so that each row of the matrix represents
probability P(vy|v;, 1;, l; = 1)

As mentioned earlier, the set of visual words V
contains the visual words related to SIFT, HoG, and LBP
descriptors. Therefore, probability P(v;|B;, [;)for each set
of visual words is estimated separately.

8
P(vs;|B;, ;) = HP(USiIBri'li) 5)
r=1
8
P(vy;|B;, ;) = P(vyi| By, 1) (6)
r=1
8
PulBy 1) = | | PuilBro o ™
r=1

where wvg;, vy, and v, are visual words
corresponding to descriptors HoG, SIFT, and LBP. In
order to increase the generalization of scene recognition
system, these three probabilities are considered to be
independent of one another.

Assume that the sections related to [ in training
images contain visual words vg, vy, and v,, and the
sections related to label I' contain visual words vg', vy',
v,', and P(v,'|B,1) < P(v,|B,1). Therefore, if a section
in the testing image is related to section [ containing visual
words vg, vy, and v,', and the probability of labeling of
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Equation (8) shows that if there is at least one
difference between the data obtained from training images
and the data obtained from testing images related to a
similar section, the probability of labeling this section with
the same label decreases. Therefore, the results of scene
labeling will have errors.

In order to solve this problem, the probability of
labeling a section in terms of the weighted total of
obtained probabilities from different descriptors is
calculated. Weights were calculated using K-fold cross
validation.

11
P(VIB,D) = 5 x 5 (15 P(vylB,D + 12 P(55lB,D) g
+ 0.3 P(v,|B,D)

Using Equation (9), the effect of the existence of
difference between visual words obtained from testing and
training images corresponding to a similar section
decreases in labeling that section. Therefore,
generalization of training images to cover testing images
increases.

2.5 Final labeling
In final labeling, energy minimization is carried out

using second-order Markov random field (MRF). In order
to do this, following equation is used:
T

arg minL(z Eapp + Z Esmootn) (10)
i=1

|i,k|€e

Where Eg,, = —log Ps(v;|B;
are the sum of probabilityP (v;|B;
from three descriptors.

Egmootn P(L) is also calculated using a posterior
probability. Probability P(L) or smoothness equation is
approximately obtained from the relationship between
both neighboring sections:

P(L) ~ exp( Z 9@i.)) (12)

(@i.j)ee

l;) and Ps(v;|B,; j, 1)
1,), which is obtained

g7
J?

Function g(i, j) is calculated as follows:

P 1_6; lfll=l]
= 12
9@.J) {5 + e, otherwise (12)
where e = exp(—||d; — d;]|’/20%). In these

relationships, d; and d; are feature vectors of the texture
of both neighboring sections of i and j, respectively. o
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equals 1.0 and ¢ is the set of all pairs of neighboring
sections. This smoothness equation is a combination of
Potts model for punishing neighboring section pairs with
different labels with factor § and the similarity of
neighboring sections. Using this equation, on one hand a
similar label is maintained for neighboring sections, and
on the other hand, similar labels which have different
texture are punished. Therefore, Egpoocn Was roughly
taken to be equal to g(i,j). In order to calculate the
minimum energy, variables § and A were taken to be 8.0
and 2.0.

3. Experimental results

In order to test the proposed method, the following
dataset was used.

d,:The first set contains 800 colored images which
are divided into 8 scene classes, such as the internal part
of kitchens, bedrooms, toilets, halls, meeting rooms,
bookstores, PC rooms, and stores. Each set of scenes in
this set contains 100 images with the minimum resolution
of 500*300.

d,:The second set contains 4485 images which are
classified into 10 outdoors scenes, such as, beaches,
forests, highways, urban buildings, mountains, open
spaces, streets, skyscrapers, suburban buildings, and
factories. It also contains 5 sets of indoor scenes, such as
toilets, kitchens, bedrooms, offices, and stores. The
images in each scene have a resolution of at least 300*250
with each class containing 210 to 410 images [18].

d5:This dataset contains 2688 colored images with a
resolution of 250*250. It is divided into 3 classes of
natural outdoor scenes, such as beaches, forests, and
mountains, 4 classes of urban scenes, such as highways,
urban buildings, streets, and skyscrapers, and another
class named open spaces. The last class, in terms of
naturalness, is divided into urban and natural scenes, such
as farms, villages, extensive landscapes, and aerial images
[6]. Each section contains 260 to 410 images.

d,: NYUD2 dataset which contains 1449 RGB-D
images of 27 classes of indoor scenes [16].

The proposed method was applied on these three sets.
Figure 3 shows the labels corresponding to each scene
class from the image set d; and Figure 4 shows an
example of training and testing images for each class of
this image set. Figure 5 shows finalized labeled images in
this set using the proposed algorithm.

The results of indoors scene recognition in image set
d are shown in Table 1.
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Table 1: Results of scene recognition in 8 indoor scene methods

% = |3
gl = |3 |58 |8 2|85
@ = o S =~ 3|l g |32
@D g 28 o - >
s |3 =
@
10 | 100 | 100 | 95 | 100 | 98 | 95 | 100
0% | % % % | % % | % | %

As shown in Table 2, the proposed method is more
accurate, compared to other methods. As this table shows,
the proposed method has an appropriate accuracy rate,
compared to other methods.

Stove

Corridor wall

Figure 3 : Labeled images of 8
classes of indoor scenes of
dataset d, The graph on the left
shows semantic labels in
question along with their
corresponding colors.
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Figure 4: Examples of training images (left) and testing images (right)

e

from dataset d;.

Table 2: Comparing the results of the proposed method on three image

sets.

First Second | Third | Fourth
set set set set

Proposed

0,
method 98.5%

97% 88% 39.5%

Terrabla

- 0,
18] 82.6%

73% -

Bosch et

al. [28] - 86.65% - -

Elfiky

- 9 - -
[29] 97.4%

Lazebnik

0, -
etal. [18] 64.6%

Ulusoy -

- 9 -
[20] 82.8%

Gupta -

[12] 39.5%

Gupta -

9
[16] 39.9%
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Figure 5: Segmentation results of the testing images for each class of
indoor scene from image set d,. The first column shows testing images,

the second one is the output

images of desired labeling for testing

images, and the third one is the labeled output testing image.
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