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Scene classification and concept-based procedures have been the great interest for image catego-
rization applications for large database. Knowing the category to which scene belongs, we can filter 
out uninterested images when we try to search a specific scene category such as beach, mountain, 
forest and field from database. In this paper, we propose an adaptive segmentation method for re-
al-world natural scene classification based on a semantic modeling. Semantic modeling stands for the 
classification of sub-regions into semantic concepts such as grass, water and sky. Our adaptive segmen-
tation method utilizes the edge detection to split an image into sub-regions. Frequency of occurrences 
of these semantic concepts represents the information of the image and classifies it to the scene 
categories. K-Nearest Neighbor (k-NN) algorithm is also applied as a classifier. The empirical results 
demonstrate that the proposed adaptive segmentation method outperforms the Vogel and Schiele’s 
method in terms of accuracy.
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1. Introduction

Images are one of the most common and 
convenient means of conveying or transmitting 
information. An image is worth of a thousand words. 
Images concisely convey information by collec-

tions of low-level features such as color, texture 
and edge position. These features are used to meas-
ure the similarity among the images that belong 
in the same category. Scene classification is a chal-
lenging task due to various image concepts. In 
general, most approaches use learning-based tech-
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niques to train manually categorized training image 
sets and to test uncategorized images based on 
the training results. 

This paper presents an adaptive segmentation 
method for natural scene classification by using 
semantic concepts description and edge detection. 
We propose a classification of image sub-regions 
into semantic concept classes such as sky, water, 
sand and rock, where by dividing an image into 
sub-regions based on edge detection. Sub-region 
descriptions are combined to a global image repre-
sentation that can be used for scene classification. 

The rest of the paper is organized as follows. 
Related works are reviewed in next section. In 
Section 3, we propose a natural scene understanding 
for semantic concepts and categorization for natural 
scene. Then, Section 4 describes our adaptive seg-
mentation approach in more detail, which is the 
core part of this paper. We implement our method 
and present performance evaluation by comparing 
with an existing method in Section 5 and the con-
cluding remarks are given in Section 6.

2. Related Work

Several generic natural scene image classi-
fication systems are briefly reviewed. Earlier scene 
modeling methods mainly focused on modeling 
a scene using the global statistical information of 
an image rather than the local details (Smeulders 
et al., 2000). Vailaya et al.(2001) formalized the 
classification problem to the Bayesian framework 
using vector quantization (VQ) and proposed the 
hierarchical classification to classify the images 

into indoor/outdoor classes. However, these meth-
ods were not extensible to multi-category clas-
sification. Szummer et al.(1998) proposed an al-
gorithm for indoor/outdoor classification based on 
the k-NN classifier and three types of features: 
color, texture and frequency information. Particu-
larly, the proposed algorithm has been based on 
the extraction of only low-level features. When 
classifying an image, it is assumed that color and 
texture are the most important and invariant visual 
features. Color structure and homogeneous tex-
ture descriptors of MPEG-7 standard (Manjunath 
et al., 2002) are selected to represent these features.

Murphy et al.(2004) built four graphical 
models to relate features of image blocks to ob-
jects, and to perform joint scene and object re-
cognition. Barnard and Forsyth (2001) applied a 
hierarchical statistic model to generate keywords 
for classification based on a sequence of semanti-
cally meaningful regions. Fan et al.(2001) pro-
vided simplified geometric structures of the image 
regions using their color-edge detector. Later some 
methods were proposed to classify images into 
multiple categories by Olivia and Torralba (2001). 
In general, these approaches aim at learning the 
correspondence between global annotations and 
image or image regions. However, the region la-
bels are usually not combined to a global image 
representation that can be employed in scene 
classification. Vogel and Schiele (2004) employed 
a novel image representation enable to classify 
natural scenes by semantic concepts description. 
These “semantic concepts” are objects or object 
patches in the scene. Semantic concept for each 
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sub-region is much easier to obtain ground-truth 
than that for entire image.

In spite of their success, their method has 
some shortcomings. The method used a fixed reg-
ular grid of 10×10 sub-regions. First, this sub-re-
gion might annotate double concepts. For exam-
ple, one sub-region may contain sky and rock. 
Second, if the sub-regions include two concepts 
then these sub-regions are not used for training 
or testing of the concept classifiers.

To solve the above mentioned problem, we 
introduce an adaptive segmentation method in-
stead of fixed regular grid based segmentation 
method. We use edge detection technique to split 
an image into sub-regions which eliminates the 
double annotation problem. Moreover, our adap-
tive segmentation method promises the use of all 
sub-regions for testing and training. 

3. Natural Scene Understanding

We selected four categories of natural scene 
images, beach, forest, mountain and field. <Figure 
1> shows an example of scene categories in the 
dataset and illustrates the great variation within 
each scene category. The selected categories has 
been strongly influenced by work in psychophysics. 
In psychophysics, a hierarchical structure from 
very general to specific has been suggested as a 
particularly important way of organizing objects 
or scenes.

Influenced by psychophysical studies, eight 
semantic concepts were determined. Those con-
cepts can be sky, water, sand, grass, rock, trunk, 

flower, and foliage as shown in <Figure 2>. Sky may 
not always be represented in blue but sometimes 
it is mixed with partly cloudy. Also flower may 
not be represented in one color but in different 
colors. The figure illustrates that without any con-
text, it is hard for human to make a classification.

beach forest mountain field

<Figure 1> Example images in the dataset. Each
column is an image pair in the same
category

sky water grass sand rock trunk flower foliage

<Figure 2> Example of semantic concept. Each
column belongs in the same class
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Adaptive Segmentation

Image Database

Stage 1 Stage 2

beach category

forest category

mountain category

field category

<Figure 3> System architecture of our approach

4. Adaptive Scene Classification

4.1 Overview

The architecture of our adaptation method 
is composed of two subsystems such as stage 1 
(named as adaptive segmentation subsystem) and 
stage 2 as shown in <Figure 3>. In stage 1, an 
image is constructed with regular 2×2 sub-regions. 
And then we compute edges for each sub-region 
based on grey-level information. Edge is defined 
to split a sub-region into more regular 2×2 sub- 
regions. Feature vectors are extracted by using 
color histogram and texture for each sub-region. 
Color histograms are commonly used as appear-
ance-based signature to classify images such as 
“blue” for sky and water. By dividing an image 
into sub-regions and storing local histograms for 
each of these areas, the signature for each image 

becomes increasingly robust. For texture, we used 
a Tamura’s texture (1978). By observing psycho-
logical studies in the human visual perception, 
Tamura explored the texture representation using 
computational approximations to the three main 
texture features of coarseness, contrast, and direc-
tionality. The last step in stage 1 is to label the 
sub-regions based on the semantic concepts.

In stage 2, we classify the image into the 
scene category using machine learning. We use 
k-Nearest Neighbor (k-NN) classifier (Smeulders 
et al., 2000) to classify all the images into the 
semantic categories. Using the k-NN classifier, 
the image classifier learns the information of con-
cepts from the training set and then it estimates 
the category membership of a new image instance. 
A new sample is classified by calculating the dis-
tance to the nearest training case; the sign of that 
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point then determines the classification of the 
sample. The k-NN classifier will take the k nearest 
points and assign the new sample by the majority 
vote. It is common to select k small and odd to 
break ties (typically 1, 3 or 5). 

4.2 Sub-regions 

Our adaptation method will avoid double 
annotation concepts using the edge detection 
method that will be discussed in more detail. The 
sub-region will be subdivided into more 2×2 sub- 
regions whenever the edge has been detected. The 
smallest sub-region size has been determined by 
16x16 pixels. Ideally small pixels contain only 
smooth change and no high contrast edges. 

Each sub-region provides a statistical sam-
pling of image data values for more reliable label-

ing based on image feature values. In addition, 

the sub-region can be analyzed as an additional 
clue for the appropriate labeling of the region. 

We use the Canny edge detector (1986) to 

detect edges in sub-regions. Canny edge detection 
uses linear filtering with a Gaussian kernel to 

smooth noise and then computes the edge strength 

and direction for each pixel in the smoothed 
image. Candidate edge pixels are identified as the 

pixels that survive a thinning process called non- 

maximum suppression, followed by thresholds on 
the thinned edge magnitude image using hysteresis.

Selecting the input parameters of the Canny 
algorithm is a critical step because the resulting 
edge quality varies greatly with the choice of 
parameters. The input parameters were selected 

to optimize the quality of edges for the purpose 
of higher-level perceptual organization. As de-
scribed in (Heath et al., 1997), three parameters 
need to be specified for the Canny edge detector. 
The first parameter sigma is the standard devia-
tion of the Gaussian filter specified in pixels. The 
second parameter low (T1) and third parameter 
high (T2) are the low and high hysteresis thresh-
olds respectively. At small threshold correspond-
ing to finer image details, edge detectors find in-
tensity jumps in small neighborhoods. At the 
small threshold, some of these edge responses 
originate from noise or clutter within the image. 
These edges are clearly not desirable. More inter-
esting edges are the ones that also exist at larger 
threshold corresponding to coarser image details. 
When the threshold is increased, most noise and 
clutter are eliminated in the detected edges, but 
as a side effect, the edges at large threshold are 
not as well localized as the edges at smaller 
scales. The optimal parameter set for the Canny 
edge detector obtained from Heath. et al, (Heath 
et al., 1997) is (0.60, 0.30, 0.90). However, if we 
apply this parameter set to our method, the images 
in <Figure 4(a)> does not produce a successful 
result as illustrated in <Figure 4(b)>. 

We select a range of parameters that sam-
ples the space broadly enough not too coarsely 
for each parameter and chose the best suitable in-
put by visual inspection of the resulting edge 
images. While this selection does not guarantee 
that the optimal input parameter set was identi-
fied, it does generate good results in a timely way. 
The optimal parameter set for our images is (1.0, 
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0.15, 0.35) (see <Figure. 4(c)>). The sub-regions 
process is outlined in <Figure 5>.

(a) (b) (c)

<Figure 4> Edges detected using Canny edge de-
tection with different input parameters
(sigma, low, high), where (a) is Original
image, (b) and (c) are edges detected
with input parameter set (0.6, 0.3, 0.9) and
(1.0, 0.15, 0.35) respectively

Image Query (I)
BEGIN
Divide image into 2x2 sub-region

1. Set values for T1 and T2 // low and high 
threshold using Canny edge detection

2. for each N ∈ I // N is a sub-region in I
(a) Compute edges, E 
(b) if T1 < E < T2
(c)     edgeFound   TRUE
(d) then 
(e)     subdivide sub-region into 2×2 

sub-regions, x ∈ N // x is a  sub- 
regions in N

(f) else 
(g)    edgeFound  FALSE

2. Loop step 2 until no more edges can be detected 
or sub-regions size becomes 16×16 pixels

END

<Figure 5> The pseudo-code of our adaptive
segmentation sub-regions

4.3 Feature Extraction

The type of features to be extracted from 
an image depends on the nature of the scene clas-
sification task. We deal with the scene images pri-
marily containing sub-regions. Although not suf-
ficient, low-level features such as color and tex-
ture contain good representation power for the re-
gion classification of natural scenes. In this sec-
tion we shall briefly discuss the low-level features 
used in our annotation method.

4.3.1 Color features

Color is an important component of the nat-
ural scene concepts. Color is the most commonly 
used low-level feature, possibly because color is 
immediately perceived by humans and related 
concepts are easy to understand and implement. 
Besides, color is one of the most prominent per-
ceptual features in a large majority of image do-
mains and using color information can often ach-
ieve satisfactory results. However, the color-based 
features suffer from the problem of color con-
stancy

To extract the color features, we need to 
represent the color in a suitable space. Usually 
colors are defined in three dimensional color 
spaces. These could either be RGB (Red, Green, 
and Blue), HSV (Hue, Saturation, and Value) or 
HSB (Hue, Saturation, and Brightness). Most im-
age formats such as JPEG, BMP, GIF, use the 
RGB color space to store information. The RGB 
color space is defined as a unit cube with red, 
green, and blue axes. Thus, a vector with three 
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co-ordinates represents the color in this space. 
The main method of representing color informa-
tion in sub-regions is through color histograms. 
A color histogram is a type of bar graph, where 
each bar represents a particular color of the color 
space being used. The RGB space uniformly sam-
ples into 16x16x16 histogram bins which is repre-
sented by the center color. Here, we used a RGB 
color histogram to obtain a best concept classifica-
tion.

Database Image Sub-regions COV
sky 24.5%
water 40.2%
grass 0.0%
sand 28.5%
rock 6.8%
trunk 0.0%
flower 0.0%
foliage 0.0%

<Figure 6> Concept Occurrence Vector(COV)
based on semantic concept

4.3.2 Texture features

In contrast to the color, texture is not a point 
property.

Texture is the innate property of all surfaces 
that describes visual patterns, each having proper-
ties of homogeneity. It contains important informa-
tion about the structural arrangement of the sur-
face, such as clouds, foliage, trunk and water. In 
short, it is a feature that describes the distinctive 
physical composition of a surface.

However, in our case, texture should be 
dealt with more care as any single class does not 
have a unique texture. We try to isolate the tex-
tural feature extracted from the sub-regions. We 

thus consider texture features that can be used to 
obtain an intermediate segmentation, which can 
then be combined with the color features to pro-
duce the information about sub-region. A texture 
itself can be a strong indicator of scene identity. 
For instance, a big white patch of rocks is very 
likely part of a snowy mountain. Several techni-
ques have been reported to compute the texture 
for a natural scene images. The famous one in-
cludes Tamura texture model (1978).

The well known Tamura feature for texture 
properties includes

• coarseness (measurement of granularity 
or average size of sub-regions that have 
the same intensity);

• contrast (measurement of vividness of the 
texture pattern, directionality (measure of 
directions of the grey values within the 
image);

• line-likeness (measurement of the sim-
ilarity of the directions of the local gray- 
level gradients, position by position in the 
sub-region)

• regularity (measured by computing a var-
iogram where variogram is a statistical 
measure that is computed at different pixel 
spacing);

• roughness (measurement of quantified by 
the vertical deviations of a real surface 
from its ideal form).

4.4 Concept Occurrence Vector (COV)

In this stage, the sub-regions information of 
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the semantic concepts is combined with a global 
image representation. It determines the frequency 
with which sub-regions of each concept occur in 
the image. This information allows us to judge 
the amount of particular concept being presented 
in the image. For example, <Figure 6> contains 
24.5% of sky and it is summarized in a seman-
tics-based feature vector. Concept-occurrence vec-
tor (COV) refers to a semantic concepts of sub-re-
gions developed to observe the normalization his-
togram of the concept occurrences in an image. 
The COV of the image in <Figure 6> is [24.5, 
40.2, 0, 28.5, 6.8, 0, 0, 0]. The COV can be 
formulized as follows:

  






 (1)

where N is known as semantic concepts, and n 

is the number of sub-regions level. 

The additional information that can be used 

based on COV is that these can also reveal inter-

face information for each scene category. For ex-

ample, beach is characterized through a large 

amount of water. In contrast, forest can be differ-

entiated when a large amount of foliage is detected.

5. Experiment and Result

The experiments results were measured 
running on Windows XP platform with 3.2 GHz 
Intel Pentium and 1.00 GB RAM. A k-Nearest 
Neighbor is trained for each scene category. The 
input to the k-NN is the Concept Occurrence 

Vector (COV) of the relevant images. For the ex-
periments, the MATLABArsenal1) package (2006) 
was employed.

5.1 Image and Dataset

We used the Oliva and Torralba (2001) 
dataset. It consists of few hundred images of 
scenes belonging to the same semantic category. 
It is the diverse data containing images of scene 
categories including beach/coast (360 images), 
forest (328 images), mountain (374 images), and 
field (210 images). In order to obtain ground-truth 
for the concept 

 classification, 636 images have been anno-
tated manually with the above mentioned seman-
tic concepts.

<Table 1> Overall accuracy of each scene

classification

Our adaptive
segmentation method

Vogel and
Schiele method

Beach 0.6167 0.5151

Forest 0.6898 0.3333

Mountain
Field

0.5330
0.6287

0.4321
0.3622

5.2 Classification Accuracy

We compared the classification accuracy of 
our adaptive segmentation method with that of 

1) This software is free only for non-commercial use. It 
must not be modified and distributed without prior 
permission of the author. Software available at 
http://www.informedia.cs.cmu.edu/yanrong/MATLABArs
enal/MATLABArsenal.htm.
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Vogel and Schiele’s method. The accuracy was 
measured using F-score, defined as

 
 (2)

where P is precision: the ratio of correct assign-
ment of a class over the total number of points 
assigned to that class, and R is recall: the ratio 
of correct assignment of a class over the actual 
number of points in that class. The higher the 
score, the better is the accuracy. 

We tested the classification accuracy using 
4 different testing sets: beach, forest, mountain, 
and field. For each testing set, we randomly 
picked 636 images. The remainder images are 
used as the training set. We classified the testing 
set, observed the precision and recall, and meas-
ured the F-score. The overall categorization accu-
racy for each scene category is shown in <Table 
1>. The proposed our adaptive segmentation 
method is compared with Vogel and Schiele’s 
method. The overall classification accuracy of our 
method is higher than that of the Vogel and 
Schiele’s method.

<Table 1> summarizes the average F-score 
from those 4 scene categories. Our method ach-
ieved high accuracy for all scene categories 
Beach, Forest, Mountain and Field. This trend of 
accuracy indicates that our adaptive segmentation 
method successfully approximated the correct 
candidates of nearest neighbors when k = 3 was 
specified. Our method performs better than the 
Vogel and Schiele’s method with a 10.16% differ-

ence in the overall accuracy for beach category. 
Our method also improves the accuracy for other 
categories, forest, mountain and field by 35.65%, 
10.09% and 26.65% respectively over the Vogel 
and Schiele’s method by using efficient sub- 
regions.

Our adaptive segmentation method tends to 
misclassify ‘mountain’ as ‘forest’. A post-hoc im-
age examination reveals that the confusion be-
tween ‘forest’ and ‘mountain’ comes mostly from 
the co-occurrence of trees. We can gain better in-
sight into these confusions from <Figure 7> which 
shows some misclassified images in the best 
simulation. Significantly, these images are also 
ambiguous for human to classify into forest or 
mountain.

<Figure 7> Misclassified images in the our adaptive
segmentation. Mountain images are
misclassified as forest

6. Discussion and Conclusion

In this paper, we presented an effective im-
age classification method. From the experimental 
result, we can conclude that our method can im-
prove the accuracy of the semantic modeling for 
natural scene classification, compared to the exist-
ing method. 

However, the adaptation for making sub-re-
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gions may need more computation time for com-
plex images with lots of edges. It is a challenge 
issue for our method. So we leave this as a future 
work of our method. 
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Abstract

시멘틱개념과 에지탐지 기반의 적응형 이미지 분류기법

2)Nuraini Jamil*․Shohel Ahmed*․김강석*․강상길*

개념 기반 이미지풍경 분류 기법은 데이터베이스에 있는 대량의 이미지 를 카테고리별로 구분하

는 많이 적용되는 응용분야이다. 풍경이 속하는 카테고리를 알면 데이터베이스에서 해변, 산, 숲, 필

드와 같은 필요한 풍경사진을 찾고자 할 때 불필요한 이미지를 필터링하여 신속하고 정확하게 찾을

수 있다. 본 논문에서는 이미지 분류를 위한 시멘틱 모델링 기반의 적응 세그멘테이션 기법을 제안

한다. 잔디, 물, 하늘과 같은 시멘틱 개념에 따른 이미지를 서브구역으로 나누어 세그멘테이션을 한

다. 세그멘테이션은 에지탐색을 이용하고 또한 K-Nearest(K-NN)를 이용하여 세그멘테이션을 한

다. 세그멘테이션 과정에서 이미지의 복잡도에 따라 적응적으로 서브구역으로 나눈다. 실험에서는

Vosel과 schiele가 제안한 방법과의 비교를 통해서 정확도면에서 제안된 연구의 우수성을 보여준다.

Keywords : 시멘틱, 세그멘테이션, 에지탐색, classification, K-nearest

* 인하대학교 정보공학과



Adaptive Scene Classification based on Semantic Concepts and Edge Detection

지능정보연구 제15권 제2호 2009년 6월  13

저 자 소 개

Nuraini Jamil

2004년University Technology Malaysia (BS). 2007년~현재인하대학교 정보공

학과 석사과정. 관심분야는 Computer Vision, Image Classification and Re-

trieval and Semantic Web. 

Shohel Ahmed

2003년 Islamic University of Technology(BS). 2007년~현재 인하대학교 정보

공학과 석사과정. 관심분야는 Query classification, Web crawling. User goal 

identification

김강석

1989년 경원대학교 수학과 학사. 1998년 Syracuse University, Computer En-

gineering, 석사. 2007년 Indiana University, Computer Science, 박사. 2008년~

현재, 인하대학교 연구교수. 관심분야는 유비쿼터스 컴퓨팅, Collaboration, 웹마이

닝, 데이터베이스, 멀티미디어

강상길

1989년 성균관대학교 전기공학과 학사. 1995년 Columbia University, 석사. 

2002년 Syracuse University 박사. 2006년~현재 인하대학교 조교수. 관심분야

는 멀티미디어, 개인화, 유비쿼터스, 인공지능, 데이터마이닝


