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Abstract. The good segmentation of satellite imagery is very meaningful for
fully getting information inside and processing in the later step. This paper introduces a combination of two textural features which can achieve a very good
result on either recognition or image segmentation. The experiment result
shows much improvement when the two features are together utilized instead of
each individual one. We implement co-occurrence, Haar-like feature and their
combination to run respectively with Back-propagation neural network (BPNN)
and Adaboost. The integration of co-occurrence and Haar-like features ameliorates the accuracy from 88.19% to 94.54% in region classification and approximately 9% increase per each class in pixel classification running with Adaboost. The pixel classification results in the segmented image, which can be
qualitatively evaluated by visualization.
Keywords: Haar-like feature, co-occurrence feature, neural network, Adaboost,
satellite image classification

1

Introduction

In pattern recognition, the input data is normally too big or repetitive of presented
values. Therefore, feature extraction is used to transform this big data into a number
of feature values, which can be a basis for the terrain segmentation. The new feature
vector is assumed to include the relating information from the input data, so that the
algorithm model could be executed by using this reduced representation. Feature extraction plays an important role in pattern recognition as it decreases size of input data
and strongly affects the classification performance. During the past decades, many
researchers realized the root problem in pattern recognition has the great dissimilarity
within a class, while some of different classes are strongly close to each other. Even
though some powerful feature descriptors have been proposed to deal with the interclass relation, it is obviously not enough to solve all cases. In this context, the combination of multi-features to make a stronger one has been considered thoughtfully to
tackle this issue. This paper will follow that direction by presenting an improvement
of terrain classification using the combination of two features.
Among many features which have been developed so far, texture features such as
co-occurrence, Haar-like or Local Binary Pattern (LBP) are extensively used in classi-
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fication of remotely sensed images, and it is well acknowledged to obtain prominent
feature of samples [1][2][3]. Besides, feature combination has been researched for
years in some fields such as text categorization, object recognition and others. A good
overview and a comprehensive survey of both selecting features and feature combination have been established in text categorization [4][5]. Evaluation of feature combination approaches for this area is made as well [6]. Combination of several widely
used features is made in the experiments [7], and certain combination methods have
showed a big improvement [8].
This paper presents terrain classification and segmentation method using Haarlike, co-occurrence and the combination of two features with Adaboost and BPNN.
From the given 2048x2048 ortho image and DEM, objects with the size of 15x15 are
collected and classified into four categories: road, grass, white block and tree shadow.

2

Implementation of Features

2.1

Haar-like Implementation

Haar-like feature is a real-time processing feature in the application of object recognition [9]. Haar-like feature simply considers subtraction value between dark and bright
areas. Particularly, it divides sample into multi adjacent rectangular regions, aggregates the pixel intensities in each region, and computes the deviation between the two
final summations. The equation of Haar-like feature is shown as follows:
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where N and M respectively are the number of dark and bright regions, and P and Q
are subareas inside the image sample.
In Fig. 1, two features A and B are designed to compute Haar-like value based on
two sub-regions of darkness and brightness. In case of feature C, the value is the subtraction of the two bright rectangles and one dark block. Finally in feature D, the sum
of dark rectangles subtracted from the sum of bright rectangles will be calculated.

Fig. 1. Basic division of dark and bright regions in Haar-like feature
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2.2

Co-occurrence Implementation

Co-occurrence is a statistical and strong feature extraction method in textural analysis
and classification [1]. This feature is used to evaluate the spatial dependency in terms
of a co-occurrence matrix, in which each element represents the number of itself occurrences. The co-occurrence matrix P can be defined as:
(
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Co-occurrence has been designed for homogeneous textures and used for terrain
classification. In our experiment, we use twelve features derived from four directions
of 0, 45, 90, 135 degree. Three textural features - Angular Second Moment (ASM),
Contrast (CON) and Entropy (ENT) - are calculated from ortho image for four directions, and twelve another values are calculated from DEM.

3

Experiments

From ortho image and DEM (Digital Elevation Model) with size of 2048x2048, samples of road, grass, while block and tree shadow are manually accumulated with size
15x15, shown in the following summarized table. Each sample is transformed to
Haar-like and co-occurrence feature vectors which will be later processed in object
recognition. The ratio of training and testing data is 0.4 for both BPNN and Adaboost
algorithms. Other configurations of two algorithms such as learning rate, maximum
number of epoch, maximum number of weak classifier are fixed in order to maintain
an impartial comparison.
There are four categories collected as samples, shown in Fig. 2, and the remaining
area is assumed as urban area. Since we do not collect ground truth data for this class,
its accuracy is not considered through evaluation. The small white square denotes the
selected sample for each class.

(a)

(b)

(c)

(d)

Fig. 2. Manually collected samples from ortho image: (a) Road, (b) Grass, (c) White-block, (d)
Tree shadow

Co-occurrence works well with homogeneous data. Since road sample is always
sloping and partially collected, the accuracy of this class is the lowest among four
categories. Although co-occurrence does not show good result, its combination with
Haar-like shows a high performance.
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A window of 15x15 slides from top left to down right corner of satellite image. For
each window, three descriptive vectors are defined. Those are co-occurrence, Haarlike and the combination of two feature vectors. Based on the trained models of
BPNN and Adaboost, we classify these vectors and label 3x3 center pixels of current
window. Each class takes a defined label grey value [road label = 2, grass label = 180,
white-lock label = 254, tree-shadow label = 110], and produces a segmented image.
Table 1. Region of interest classification using three type of features with BPNN and Adaboost
REGION CLASSIFICATION RESULT BPNN – ADABOOST
White
Road
Grass
Tree shadow Mean Accuracy
block
69.2 - 88.1

78.4 - 94.6

98.3 - 88.3

61.6 - 88.2

Haar-like(%)
89.1 - 92.4
87 - 89.8
Co-oc+Haar(%) 90.1 - 93.2 87.5 - 93.5
Total number of samples
Total number of Co-oc features
Total number of Haar features
Total number of features

96.1 - 98.1
98.3 - 98.6

71.3 - 90.4
85.8 - 92.9

85.4 - 92.7
89.8 - 94.5
1571
24
162
186

Coccurrence(%)

24,1 - 81.1

To evaluate the accuracy of this process, manually collected ground-truth samples
that correctly show the labels of its regions will be utilized. Ground truth sample area
has one label in the label collection. We then examine the difference of the label pixel
by pixel between the ground-truth image and the segmented image.
Table 1 shows the accuracy of region classification. In BPNN classifier, the combination of two features shows the balanced accuracy among four classes, while cooccurrence feature is much prone to unstable performance from 98.15% for tree shadow to 21.19% for road class. Haar-like feature presents a consistent output within four
classes from 62.35% to 84.41% of accuracy. On the whole, the combination of cooccurrence and Haar-like feature vectors reaches over 80% of accuracy in pixel classification, shown in Table 2. In Adaboost classifier, the combination of co-occurrence
and Harr-like scores best as well. When we use only one feature, Harr-like feature
outperforms co-occurrence, except tree shadow class. On the whole, the combination
of feature vectors achieves over 73.8% of accuracy in pixel classification.
Table 2. Pixel classification using three type of features with BPNN - Adaboost
PIXEL CLASSIFICATION RESULT BPNN - ADABOOST
Road

Grass

White block

Tree shadow

Co-occurrence (%)

21.2 - 66.1

60.1 - 75.7

71.8 - 56.8

92.2 - 67.1

Haar-like (%)

78.4 - 73.7

84.4 - 78.5

78.8 - 74.5

62.4 - 63.6

Co-oc + Haar (%)

80.7 - 74.3

85.3 - 84

85.9 - 77.4

84.8 - 73.8
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Segmented images obtained from the combined features of Haar-like and cooccurrence show much clearer and well visualized segmentation in comparison with
others obtained from a single feature. The resulting segmented images are shown in
Fig. 3.

(a)

(b)

(c)

Fig. 3. Comparison between ortho image and two segmented images: (a) Ortho image, (b)
Segmented image by BPNN, (c) Segmented image by Adaboost

4

Conclusions

In this paper, we have studied terrain segmentation by using three types of feature
with two supervised algorithms. This approach starts with extraction of Haar-like, cooccurrence features and combines them into one descriptive vector. On the whole, the
new combined feature vector shows a much better accuracy, comparing with each
individual one, regardless of training with either Adaboost or BPNN. This new feature combination can help to enhance performance of satellite image segmentation,
and to recognize textural patterns in object recognition problem. We also confirm that
the combination of two or more features does not always improve the accuracy of
classification, as shown in the case of the combination with LBP feature. In this context, the identification of the suitable combination of features based on certain criteria
may also be a direction of our research.
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