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Abstract—Ambiguity in nature gets preserved in its captured images also. Preserving it while classifying an image, is a challenging
task. A scene image also can belong to multiple categories at a time which makes a task of classification much more difficult and often
leads to classification errors. Binary classification fails to capture this ambiguity while classifying the scene image into one of mutually
exclusive classes. This problem can be handled by considering fuzzy membership with non-mutually exclusive class categories. This
work provides a ranking based class membership instead of binary classification.

Index Terms—Fuzzy membership, binary classification, ranking.

1 INTRODUCTION

Fig. 1. Example of (a) scene class coast (b) scene class
mountain (c) non-mutually exclusive scene classes coast
& mountain.

A natural scene image consists of many categories
exhibiting different semantic meanings and hence they
can be discriminated. It means that all the patterns be-
longing to a particular category, although they are differ-
ent, follow similar characteristic behaviour. Depending
on the above discussion some may conclude that the
natural scene images are conveying multiple semantic
meanings and hence their classification task is a multi
label one. An image can be assigned a single label or
multiple labels depending upon its characteristics. Many
of the approaches like described in [9], [11], [12] &
[13] deal with scene understanding problem as multi
label classification problem. All those approaches try to
solve the problem based on the assumption that scene
categories are mutually exclusive. It is equivalent to the
task of assigning a single image to multiple class labels
which seems to be quite illogical and unnatural as the
real scenario is exactly opposite.

In reality scene categories are overlapped with each
other which depict ambiguity or uncertainty in the
nature. Hence it is more natural and logical to rank
the objects in the images according to their degree of
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membership rather than assigning an image to multiple
class labels.

For example, in an image containing two objects,
mountain & ocean, it is hardly possible to locate the
boundaries of each class representing the two objects
(Fig. 1). This is because the boundaries are no more
sharpened as in case of synthetic images or images
containing man-made objects & rather they are uncer-
tain due to presence of non-mutually exclusive natural
objects in a scene image.

In the literature it is found that some uncertainties can
be represented using probability theory. The ambiguity
can be best modelled by using fuzzy membership func-
tions. It specifies the degree of membership of an object
to a particular class label. As scene images are captured
from large distances to fit the entire scene in the images,
most of the details are lost. Hence the colour component,
shape and size of natural objects cannot be quantified.
So what remains is the texture component and hence in
case of natural scene images it is better to assume that
if an image is represented and described by its texture,
it would result in better discriminative analysis of its
objects.

In supervised learning [19], input space is charac-
terised by the most discriminating image features and an
input image is represented by its corresponding feature
vector. An output space is the set of labels out of which
any subset may be associated with an unseen image
depending on its input characteristics. The task is to
model a classifier function by analysing the training
samples from input data for which associated set of
labels are known. The trained classifier is then used to
classify unseen image and predict set of relevant labels
for it.

The paper is organized as follows. Section 2 reviews
the methods in the literature which tried to solve the
scene classification problem & includes a survey of dif-
ferent feature extraction methods. Section 3 details about
the proposed system. Section 4 includes experimental
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setup & results. Section 5 concludes the paper.

2 LITERATURE SURVEY
2.1 Methods for Feature Extraction

It is found that statistical methods like co-occurrence
matrix has major difficulties involving high time com-
plexity if an image is represented with high number
of intensity levels. Model based methods like fractals
[1] can efficiently describe roughness in natural scene
images. But as natural surface is not deterministic but
would always have some statistical variation, it makes
the computation of fractal dimension much more diffi-
cult.

It is found that all the sinusoidal transforms & Laws’
[2] mask provide comparable results when comparisons
are done using misclassification probabilities. It seems
that if textures are used for describing images, Gabor
filter would be a better choice. But if implementation is
concerned Laws’ masks are better as its misclassification
probability is negligible although more than that of
Gabor filters.

B.S. Manjunathi and W.Y. Ma [3] used Gabor wavelet
filters for feature extraction, analysis and compared their
results with other multi-resolution texture features for
image retrieval problem. It is found that the results with
Gabor are more robust than the others mentioned earlier.

S. E. Grigorescu, N. Petkov [4] evaluated texture fea-
ture extraction operators using number of filters. The
filters used are derived from discrete transform, Gabor
filters & Laws’ masks. It is evident that greater the
separability, better is the classification possible.

Mihran Tuceryan & Jain [?] gives detailed analysis of
various texture based segmentation methods such as sta-
tistical methods, geometrical methods, signal processing
methods like spatial domain filtering, Fourier transform
filters, Fourier domain filters, Gabor & wavelet filters etc.
Spatial filtering methods such as LOG can work on many
textures and can discriminate both natural & synthetic
textures by controlling some parameters of estimation.
Fourier domain also gives similar results. Gabor &
wavelet models integrate frequency analysis into spatial
domain thereby localizing the global frequency analysis.
Also it is found that integrating a region based method
with boundary based method obtain more robust and
clean segmentation.

Approaches as described in [5], [6], [13] & [16] give de-
tails about texture segmentation and classification based
on Gabor filters, filter selection and computation of
efficient texture features for image classification purpose.

Yousef & Peter [7] tried to focus on the tasks such as
feature extraction and representations so that the appli-
cation areas like object recognition, image classification
and content based image retrieval (CBIR) systems would
be benefited with fewer efforts. The aim was to bridge
the gap between human perception of scene images
and their computer vision counterparts. They integrated
visual vocabularies (histograms) of all the classes instead

of using traditional universal vocabularies like BOWs
(bag of words).

2.2 Methods for Scene Classification

In the analysis [4], label correlations are used to catego-
rize the multi label methods but still there are no specific
benchmarks for exploiting label correlations especially
with domains that have large output space.

Gjorgji Madjarov & Dragi Kocev [8] found that Hier-
archy of Multi label classifiers abbreviated as HOMER
was best when evaluated on recall and Random Forest of
Predictive Clustering Trees abbreviated as RF-PCT was
best when evaluated on precision (exact predictions).
Further Classifier Chains (CC) & Binary Relevance (BR)
are ranked next according to their performances evalu-
ated on selected measures.

Min-Ling & Zhi-Hua [?] studied the multi label prob-
lem with the assumption that the multi label learning
algorithms are categorized depending on the label cor-
relations they use either first order, second order or
higher order. It is found that multi label learning models
the complex semantics in output space and assumes
relevance ordering of each class label such that a binary
decision in classification is converted into an ordered
membership. Random Forest of Predictive Decision Trees
abbreviated as RF-PDT is found to be the better algo-
rithm.

Jian & Victor [?] used BR-KNN as their base classifier.
They trained classifier using labeled set and randomly
choose some images from unlabeled set as test data,
performed labeling on them and then put those newly
tested images into trained set. With this newly formed
training set they re-trained the classifier. They iterated
the process for 10 times and evaluated accuracy which
was found more in all datasets but they did not compare
their results with other state of art classifiers.

Liping & Michael [?] converted the image classification
problem into the optimization problem with objective
function using sparseness in label indicator so that
images can be classified with respect to relevant or
irrelevant labels.

Richard Cabral & Torre [15] tried to solve the problem
of multi-label classification for input set with some of
the labels missing for some images. They used the
property of image histogram as being equal to the sum
of its object histograms including background and thus
converted the multi-label classification problem into the
rank minimization problem. The results found were
almost comparable to the classic & the most powerful
linear SVM classifier.

Miguel & Carlos [?] tried to tackle the problem of
representing uncertainties in nature. They tried to help
in selecting the most appropriate fuzzy membership
function [18] for scene images which could be useful
for representing uncertainties in the nature. There is
only one approach by Lim & Chan [14], to the best of
our knowledge, in which scene images are considered
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as containing non-mutually exclusive data. They have
integrated fuzzy reasoning with qualitative reasoning
and then mapped semantics of an image onto the output
space of predefined classes. They ranked the classes
according to their membership degree (confidence value)
with respect to an image. They proposed Fuzzy Quali-
tative Rank Classifier (FQRC).

Their results are found to be more towards reality with
classification accuracy more than 70%. But the overall
time required is more as compared to other traditional
approaches as it needs to calculate membership value
of each feature with respect to each and every class.
Although it has measured the ambiguity in natural scene
images very precisely, the time complexity needs to be
reworked on. This is because it is directly proportional to
the no. of classes and no. of features used. So if more and
more data has to be classified it would require more time
which would be hazardous to any real time applications.

Related work on scene understanding has been anal-
ysed and found that an existing system using fuzzy
rank classifier face the challenges of time complexity
being directly proportional to the number of class la-
bels and number of features used for classification task.
The classification accuracy of existing system is also
prominently lesser than that using conventional multi-
label classifiers like SVM. The existing system does not
focus on the features used for classification. It has used
relative attributes. If texture features are used instead of
relative attributes, accuracy of the existing system can be
improved. It is also observed that, the features extracted
using Gabor filtering technique, are more efficient in a
sense that such features would help improve classifica-
tion accuracy.

3 IMPLEMENTATION DETAILS

In the training phase, the system is trained using training
database and fuzzy membership matrix M is generated
as the output. In testing phase, an unseen query image
will be taken as an input from user and the system
produces ranked classes as an output. For both the
phases, feature extraction is of equal importance.

3.1 Feature Extraction

The proposed system uses a bank of 2-dimentional
Gabor filters with varying orientations centred at
number of the most dominant frequencies. Features
are generated from the outputs obtained by filtering
input images using this bank. Input to this stage will be
an image Ij(x,y) from the set of N number of images
denoted & defined by,

1={I,L,....Ix}

The response of the filter is denoted & defined by,

h(z,y) = g (z,y)eap(j(wa + wyy)) (1)

where,

g (x,y) = st29(%, L) and
2

g(z,y) = spexp(— 5L

z' = xcosh + ysinb,
y = —xsinb + ycosd

The response h(x,y) is a product of a Gaussian low
pass filter and a complex exponential. o is a spatial
scaling parameter which is used to control the filter
response width. A is aspect ratio and 6 is the orientation
angle .On filtering an input image I(x,y) by response
h(x)y), the resulting image matrix is represented by
2-dimensional convolution and features are generated
from the resultant output samples. The absolute values
of intensities of the images so obtained are used to
compute the features like mean, standard deviation,
average output energy, average contrast between each
pixel pairs, and entropy. In all 50 features are obtained,
using the 10 selected filters and 5 features for each filter
response.

3.2 Classifier Training

The classifier will be learned with the help of a fuzzy
membership function. The membership value of each
feature for each class will be approximated by 4-tuple
fuzzy number, m = {«, a,b, 5}. The fuzzy representation
describes the gradual change in the membership degree
and hence it can be used to better quantify a quality of
a natural scene.

For every feature and for every class x;z, a histogram
is created as shown in Fig. 2 to obtain m;;. The mutually
exclusive region can be located using a threshold p
which is calculated as,

B .
= Zzzl U (2)

,where B are predefined number of bins of histogram
and n; are the number of training images that satisfy the
range of values for respective bins. An unknown image,
Ig is given as an input to the trained classifier and its
features will be extracted. For feature j of class k the
membership value p is approximated by,

0. T a— o
3]

allz;—ata), a—a<gy <a
pik(zi) = ¢ 1, asz;<h

N b+8—x i), b<zisb+ 3

0, x; =b4+ 3

®)

Rank of a class is calculated by multiplying all
values across all rows of matrix p;x for a single class
column and then normalizing that value.
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3.3 System Block Diagram

The system will work in two phases. In first phase
system will be trained using training images. The output
of this phase is a feature database and a fuzzy matrix
as shown in Fig. 3. In the second phase an unseen
image is taken as an input from user and with the help
of calculated fuzzy membership matrix M, the relevant
classes for that image are ranked as shown in Fig. 4.

4 EXPERIMENTAL SETUP & RESULTS

4.1 Performance Metrics

Performance of the system is evaluated using o-
Evaluation:

It is used to evaluate the accuracy of the classifier. The
score is predicted by,

| BMa+vQua |

score(W5) = (1 — YPUW |
d d

)* (4)
where, Y is the set of true labels for the d'" image and
W is the predicted labels set both in the binary form. M,
are the missed labels, and @4 are the extra predictions
made not being a part of true label set.

The constraint parameters are «, 3,y and are usually
set to the values 0.5, 1, 1 respectively. « is the forgiveness
rate and the parameters 3,7 are used to increase or
decrease the consideration of M, and (4. The accuracy
rate can be calculated by,

1

o] ©

accuracyp =

Z score(W5)

deD

4.2 Datasets

In order to test the performance of the proposed system
an Outdoor Scene Recognition (OSR) data set is used.
The OSR dataset is a collection of 256 X 256 colour
images of natural scenes as shown in Fig. 5 Dataset
includes 8 outdoor scene classes. It contains 2688
labelled images in all. The ground truth of all images is
known so that we can test each image from the database
and evaluate performance of proposed system.Table 1
shows no. of images per class of OSR dataset.

TABLE 1
Number of Images per Class of OSR Dataset
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4.3 Experimental Setup

An experiment was conducted to set filter parameters
at optimal values which would help extract the most
discriminating features for better classification. The
selected filter parameters are,
Orientation angle 6 = {0°,60°,90°,120°, 150°}
Filtersizec = {3, 13}, wavelength A = {4, 8}

In all 50 features are obtained using the 10
selected filters for each angle & scale and 5 features for
each filter response.

4.4 Results
4.4.1 Performance for Unseen Images

The system is then tested for unseen images. The images
are downloaded from internet sources. Fig. 6 shows the
class membership grades for unseen query images.

For the coast category image, we can clearly see
that major coastal area along with smaller mountain
patches are present. The system is showing low mem-
bership grades for mountain and very high member-
ship grade for coast as expected. But there are two
classes extra predicted as Highway and Tall Building.
Tall-Building class shows very low, 0.001 membership
grade and for Highway it is 0.015. This is because the
texture for still water bodies resembles with the texture
of highways. But still the system has correctly classified
the image as it shows the highest class membership for
the ground truth class which is, in this case, Coast.

For images with Forest, Mountain & Street cat-
egories the system has shown the membership grades
for respective ground truth classes as equal to 1 with
highest accuracy as one can clearly see that there is no
other category present in those images. For Tall-Building
category image the system has predicted ground truth
class with high accuracy.

For the Highway category image, the system has
shown highest membership for Highway class which is
0.972 and also predicted class Inside-City with member-
ship equal to 0.027. This is because along with highway
some houses and city like structures are also present.

For Inside-City category image, the system has
shown highest membership for Tall-Building class which
is equal to 0.835 and for Inside-City it is 0.164. This is
because, clearly, there are many tall buildings present
rather than objects like streets, people, traffic.

For Open-Country category, the system has shown
highest membership to Open-Country which is 0.61 and
also it has predicted Coast category with membership
grade 0.264. The system has also predicted Forest &
Mountain with low membership because some texture
is similar to those categories in the image.

4.4.2 Performance using a-Evaluation

The performance of the system is evaluated for multi-
ple labels using «-Evaluation as accuracy. The score is
calculated for each image and accuracy is calculated by

Class Membership Grade
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averaging all the score values for the entire database.
Accuracy is calculated for three different o values 0.5, 1
and 2. Table 2 shows the a-evaluation at three different
a values.

From Table 2 it can be observed that the proposed
system gives much better performance than existing
system.

TABLE 2
«a-Evaluation at Different o Values

a-evaluation
Classes Images | oo =0.5 a=1 o=2
Coast 282 0.827 0.684 0.468
Forest 325 0.879 0.772 0.596
Highway 252 0.909 0.826 0.682
Inside City 308 0.86 0.739 0.546
Mountain 370 0.776 0.602 0.362
Open Country 381 0.91 0.828 0.685
Street 292 0.88 0.774 0.599
Tall Building 356 0.92 0.846 0.716
Existing Accuracy 2566 0.69 0.54 0.37
Proposed Accuracy 2566 0.87 0.76 0.57

5 CONCLUSION

Through experiments and their results it is proved that
for successful classification efficient features are needed.
In case of natural scene images only texture is the visual
cue which remains in them as they are captured from
the larger distances. For this reason texture features
are used which are extracted using Gabor filter. As
the features are extracted at different orientations, the
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good discrimination among different classes is achieved.
Applying filter at different scales increased the precision
with which the feature values are computed.

Through different experiments it can be observed
that the system gives better performance with very good
accuracy for unseen images. Because of using texture
features instead of relative attributes the performance of
the existing system has been increased. Almost 97% of
the images from OSR dataset are correctly classified as
per the ground truth. The number of images which are
incorrectly classified is also very small.

Accuracy using a-Evaluation is also found to be
greater as compared to the existing system. This is
because the system predicts lesser false classes than
existing system. Looking at the results it can be said
that the proposed system has outperformed the existing
system.
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