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An Improved Classification Scheme with Adaptive Region Growing and
Wishart Classification Algorithm for Digital Images

Journal of Digital
Information Management

ABSTRACT: This paper proposes a new ARG-
Wishart(Adaptive Region Growing-Wishart) classification
algorithm for digital images. It integrates the adaptive
region growing algorithm and Wishart maximum likelihood
classification algorithm for difficulties that arise from
selecting training samples, and instability of the final
classification accuracy on PolSAR(Polarimetric Synthetic
Aperture Radar) image. At first, the main diagonal
elements of the polarimetric coherency matrix are extracted
from the image. A few are presentative and clear sample
data are selected manually. An improved adaptive region
growing algorithm is developed by introducing the OTSU
method for the image. After this, we can obtain enhanced
training samples by which each class center can be
calculated. Then, unknown samples are classified by the
Wishart maximum likelihood classification algorithm.
Thus, we can finish the classification on the polarimetric
SAR image. For comparison, we use PALSAR(Phased
Array Type L-Band Synthetic Aperture Radar) and
RADARSAT-2 images as data sources and apply
SVM(Support Vector Machine), the Wishart supervised
classifier, and the ARG-Wishart classifier to conduct
comparative research on two experimental plots, namely,
Lishui County in Jiangsu Province and Jiangning District
in Nanjing City. The results show that the ARG-Wishart

classifier can achieve better results than the SVM and
the Wishart classifier in terms of overall classification
accuracy and Kappa coefficient.
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1. Introduction

According to the number of training samples, digital image
classification can be divided into three types: supervised,
unsupervised, and semi-supervised classification.
Supervised classification commonly needs to select a
large number of training samples and can obtain
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a robust classifier after a sufficient learning course. On
the contrary, unsupervised classification requires none of
the training samples and usually the classification course
is proceeded  by a kind of clustering algorithm. Semi-
supervised classification needs training samples between
supervised and unsupervised classification. In other words,
it simply requires a few training samples and a great deal
of unlabeled data[1]. In the course of the supervised
classification of the PolSAR image, large foundational
work, which spends a lot of manpower and basic
resources, is needed to conduct field reconnaissance and
gather some land use information in the research areas
in order to gain enough training samples. If the number of
training samples is small, the accuracy of the supervised
classification will be low. However, the interference from
speckle noise is so strong that it is hard to select enough
training samples for supervised classification of the PolSAR
image. Nowadays, the supervised classifier that is
commonly used for PolSAR images is the Wishart
classifier proposed by Lee et al. and requires a large
number of training samples. They found that the final
classification accuracy was worse when training samples
were small[2].

For reasons mentioned above, unsupervised learning is
widely used for PolSAR image classification. Cloude et
al. extracted H,Alpha from the H/Alpha decomposition,
and then classified the image on the H/Alpha plane.
However, since the regulations defined in the H/Alpha plane
are not congruent with the real distribution of the ground
objects, the classification accuracy of this algorithm is
low[3]. Later, Lee et al.combined the H/Alpha
decomposition with the maximum likelihood classifier
based on the complex Wishart distribution by calculating
the mean values of the H/Alpha clustering results and
considering them as centers of all classes. Then, they
used the unsupervised iterative classification based on
the complex Wishart distribution to obtain the final
classification result[4]. This classification algorithm obtains
its results by iteratively updating clustering centers, which
are created by a clustering course. This means that each
class cannot correspond to real earth object, manual
methods are  needed to unite the classes to check and
find the physical meaning of each class.

The supervised classifier runs on a large number of artificial
selected samples. Even though its classification accuracy
is higher, the reality is that it is hard to obtain such a
large number of training samples. Moreover, although the
unsupervised classifier needs none of training samples,
its accuracy is low. Thus, an important issue is how to
utilize the strengths of both the supervised and
unsupervised algorithm, which reduces manual work, uses
as little training samples as possible, obtains a stable
classification accuracy like the supervised method, and
guarantees classification results that correspond to real
ground objects. This question can be solved using a semi-
supervised classification algorithm that can achieve
accurate results using only a small number of training
samples. Many scholars have conducted a number of

studies on classifying PolSAR images by the semi-
supervised classification algorithm. Zhang et al. proposed
a semi-supervised algorithm by combining the watershed
algorithm with the Laplacian normalization of the least
square method and applied it to identify objects from SAR
images. They found that over segmentation, which caused
large unlabeled data, could be avoided using the watershed
algorithm. Therefore, time complexity can be enhanced
using the watershed and LapSVM algorithms in turn on
the whole image[5]. Chen et al. introduced active learning
based on optimization and self-learning by placing
constraints on the SVM classifier for SAR images
classification[6]. This algorithm needs to set different
threshold values on different images. If the threshold values
are not selected properly, the results will be worse.

Therefore, this study focuses mainly on the issue of
hardness when selecting training samples and low
classification accuracy in SAR images; research for the
classification scheme, which is similar to the semi-
supervised algorithm carried out on PolSAR images; and
a new classification scheme proposed by combining the
improved adaptive region growing algorithm with the
Wishart maximum likelihood classification algorithm. This
scheme uses only tiny training samples to conduct high
accuracy classification.

2. ARG - Wishart Classification Scheme

2.1 Semi-supervised Learning
Semi-supervised learning follows the state of PolSAR
image classification. It only requires a small quantity of
labeled data and some unlabeled data to fulfill the
requirements for precise classification. The labeled data
are utilized to mark the unlabeled data by certain
algorithms in order to enhance the number of training
samples.

Presently, semi-supervised learning algorithms are mainly
divided into the following categories[7,8,9,10]: First is
clustering, which clusters data around some labeled data
and marks the unlabeled data with labeled data in the
same class; Second, is graphing, which uses the vertices
of graphs to stand for the data, and the edges represent
the similarity between the linked data. A graph is also
established usingsimilarity measurements. Third is co-
training or tri-training, which marks unlabeled data with
the results from other classifiers in order to expand the
dimensions of labeled data. In these training algorithms,
certain confidence measurements are used to select the
most reliable unlabeled data. Finally, others, namely
algorithms of improvements of the SVM algorithm, like
S2VM and S3VM, which are designed to adjust the border
of different classes to obtain their optimal hyper plane. In
all of these algorithms, the clustering method can fully
utilize some cheap unlabeled data to revise the clustering
centers and is simpler than other methods. This means
that its time complexity is lower than others[11].

2.2 ARG-Wishart Classification Algorithm
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The main idea of the ARG-Wishart classification algorithm
is to use an improved adaptive region growing algorithm
to conduct semi-supervised learning. In principle, it
supposes that objects having similar attributes one another
share the same class and should be clustered together.
Therefore, it uses some seed pixels to find neighbor pixels
that belong to the same class. After selecting obvious
training sample points within each class, the unlabeled
samples around them can be found and marked as labeled
data to enhance the number of training samples. The
method to find and mark unlabeled data is an improved
OTSU-region growing algorithm.

A region growing algorithm gathers pixels having similar
attributes to construct a region with maximum
consistency[12,13,14]. Its core techniques involve the
selection of the seed point, threshold value, consistency
and similarity criterion, and terminal condition. Usually,
the threshold value is determined by experience or
statistics of the whole image. However, the empirical
method is not universal for all images, and although the
statistical method has some advantages when used on a
whole image, it is not fit for all regions. Therefore, an
improved region growing method is proposed to confirm
that the proper threshold value adapts to different regions
by importing the OTSU algorithm.

Thus, an improved adaptive region growing algorithm to
fulfill the requirements for semi-supervised learning is
proposed to fulfill the requirements for semi-supervised
learning by introducing the OTSU algorithm[15], which is

 used to explore and determine appropriate threshold value
in every area. In detail, the improved algorithm designates
the proper region around a selected point, and then
considers this point as the focal point for calculating the
threshold of this region by the OTSU algorithm. This
threshold value is regarded as the best value to segment
this region. Next, the best threshold value used in the
region growing algorithm is calculated by the difference
between the value obtained by the OTSU algorithm and
the gray value of the selected point. Using the best
threshold value, the points belonging to similar class
around the selected point are found by the region growing
algorithm. The unlabeled points surrounding the selected
point can be labeled in this way and different clusters are
generated around different selected points. The cluster
center is obtained by calculating the mean value within
each class. The Wishart distance is used to measure the
distance between each unknown pixel in the whole PolSAR
image and each cluster center, the unknown pixel is
assigned to the class with the smallest distance.

Using the trial-and-error approach to compare different
information extracted in the entire PolSAR image (including
span, entropy, scattering angle, anisotropy, and so on),
the main diagonal elements of the polarimetric coherency
matrix are found to have apparent differences between
various land cover types and the background. Therefore,
they are selected as the images that will be used in the
improved adaptive region growing algorithm for conducting
semi-supervised learning.
The flowchart of the proposed algorithm is as follows:

Figure 1. Flow chart of adaptive region growing algorithm
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Figure 3. Flowchart of classifier based on wishart classification and adaptive region growing algorithm

The specific procedure of the improved adaptive region
growing algorithm:

(1)Set the seed: Select an evident and clear point which
has distinct differences from the background and record
the gray value as S.

(2)Create the region: Proceed with region growing along
the direction of the vertical axis (up and down) and
horizontal axis (left and right) (see Figure.2(a)). After the
trial-and-error approach, when the threshold is set to 15,
the effect of growing is better. Thus, when the absolute
value of the gray value difference between the rowing point
Gr and the seed point S is below 15, that is:

15− ≤rG S                                  (1)
Continue to grow along that direction. When it is above
15, stop growing and mark this point as the stop point.
Compute the direction from the seed point to the stop
point. Four distances along four directions are labeled as
r1, r2, r3, and r4 (see Figure.2(b)).

(3)Confirm the region: Use the values of r1 + r2 and r3 +
r4 as length and height, respectively, and four stop points
to form a rectangle. The region included in the rectangle
is the region R (see Figure.2(c)).

(4)Compute the threshold value: In this region, set the
seed point as the focal point, using the OTSU algorithm
to calculate the best threshold value A.

(5)Region growing: Set the absolute value of the
difference between S and A as a segment threshold value
using Function (2) as the terminal condition to perform
region growing. Function (2) is as follows:

< −R - Seed S A                               (2)

The cluster course can be conducted using this adaptive
region growing algorithm by which enough reliable,
confident and marked points can be obtained. Using these
enhanced points, the Wishart classification can be
performed.

The flowchart of the classification procedure is as follows:
The whole process of the classification scheme is as
follows:

(1)Read the full PolSAR image and the main diagonal
elements of the polarimetric coherency matrix [T11, T22,
T33], and extract span image.

(2)Select a few seed points manually on the [T11, T22,

(a)      (b)                            (c)

Figure 2. Sketch map of adaptive region growing algorithm
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T33] images.These points should be clear and have
apparent characteristics and distribute equably within the
images. Three to eight seed points are needed for each
class, and it is better to locate each point on a different
area of the image, as this will be helpful during region
algorithm procedures.

(3)Semi-supervised learning. Improved region growing
algorithm is used to cluster the points around the seed
point and to mark them with the label of the seed point.

(4)Compute the cluster centers of all of the classes by
counting the mean values of all of the clusters and use
the Wishart distance formula to classify the unknown
points within the PolSAR image. The formula is as follows
[2,16]:

1([ ] | [ ]) ln | [ ] | ([ ] [ ])−= +∑ ∑ ∑i i i
dist T Tr T         (3)

Here, [ ]∑  stands for the polarimetric coherency matrix
of the cluster center i, [ ]T stands for the polarimetric
coherency matrix of the unknown point. According to the
maximum likelihood criterion, when the condition (4) is
met:

([ ] | [ ]) ([ ] | [ ])>∑ ∑i j
dist T dist T                (4)
The unknown point is labeled as j. Calculate the distances
between the known point and all the cluster centers and
mark the unknown point with the label of the class having
the minimum distance. Since all clusters are created by

the selected points, which are known to us, all of the
classes in the classification result correspond to the real
distribution of the land cover types, which is pertinent to
our research.
(5)Evaluate classification result using the real calculated
data.

3. Experiment and Analysis

The two images with a length of 1000 × 1000 pixels are
used as data sources in this experiment. The former is
the 1.1 level PALSAR image from the ALOS satellite,
capturing Lishui County, Jiangsu Province. Its image time
is March 22, 2011. The latter is RADARSAT-2 image,
capturing Jiangning District in Nanjing City, Jiangsu
Province. Its image time is March 27, 2008. The main
land cover types include building, tree, farmland, water,
vegetation, and so on.

Both images are needed to proceed with the manipulation
of multi-look astrogated imagery. Based on experience,
the ratio of the multi-look astrogated imagery of the
PALSAR image is 7:1 and the RADARSAT-2 image is
2:1. The refined Lee filter with the window 7×7 is used to
eliminate the noise and main diagonal elements of the
polarimetric coherency matrix such as [T11,T22,T33], and
span images are extracted.The Pauli decomposition,
span, and [T11,T22,T33] images are recorded (see
Figure.4).

a)Pauli decomposition      (b)Span      (c)T11

          (d)T22       (e)T33        (f)Pauli decomposition
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(g)Span        (h)T11       (i)T22

(j)T33

Figure 4. Pauli decomposition, span, T11, T22, T33 images from research areas 1,2(a - e are on research 1, f - j are on research 2)

Upon comparison, it is found that the gray value of building
in the T22 image is lighter than its background, the gray
value of water in the T22 image is darker than its
background, and the gray value of tree is different from
the background in the T11 image. In addition, the gray
value of farmland and other vegetation have apparent
differences from the background in the T33 image.

Therefore, [T11,T22,T33] images are fit for extracting
information from tree, building, water, and farmland,
respectively.

Next, select seed points of the tree from the T11 image,
and choose the seed points of building and water from
the T22 image. Use the T33 image to select seed points
of farmland and other vegetation. For each land cover type,
six seed points are needed, the distribution of seed points
are recorded (see Figure.5).

After the seed points are selected, the adaptive region
growing algorithm is conducted on each seed point. Semi-
supervised learning is then performed to create a new
region of interest and the results of the adaptive region
growing algorithm are recorded (see Figure.6).

Consider the results from the adaptive region growing
algorithm as clusters, and calculate the mean value within
each class to obtain the cluster center of each class.
After that, compute the distance from each unknown point
to each cluster center using formula (3) and then classify
the unknown point according to formula (4) to obtain the
final classification result. To compare the accuracy of
different algorithms, the original Wishart classifier and high
performance SVM classifier are used for classification.

Here, the improved classifier based on adaptive region
growing algorithm and the Wishart distance is described
as ARG-Wishart classifier for short. The classification
results from all classifiers mentioned above are recorded
(see Figure.7).

The results recorded (specially Figure.7(a) and 7(b)) show
that the ARG-Wishart algorithm can properly extract
building labels from other classes and can obtain the
distinct boundary of water. The situation of farmland
misclassification on water seldom occurs, and it can
extract as many tree labels as possible. However, the
SVM algorithm only extracts partial information regarding
the building type and has severe misclassifications
between farmland and water. In particular, this analogous
situation happens between farmland and tree.

From the data recorded (specially Figure.7(c) and 7(d)),
we can see that the ARG-Wishart algorithm can detect
more information from the building class, and it can obtain
distinct water from other classes. The same situation
occurs for vegetation, farmland, and tree. However, the
SVM algorithm acquires tree information less than the
ARG-Wishart algorithm and has severe misclassification
between building and vegetation, vegetation and water,
farmland and building, water and farmland, as well as
vegetation and farmland.

The total accuracy and kappa coefficient are shown on
Table1:

From the total accuracy and kappa coefficient (see Table1),
we can find that the proposed ARG-Wishart algorithm
obtains the highest overall accuracy (90.07, 82.48) and



        Journal of Digital Information Management   Volume 13   Number 1     February   2015                            21

(a)Research area 1

(b) Research area 2
Figure 5. Distribution of seed points in research area 1, 2

Figure 6. Region of interest in research area 1, 2
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(a) Classification result from SVM in Research area 1 (b) Classification result from ARG-Wishart in Research area 1

(c) Classification result from original-wishart in Research
area 1

(d) Classification result from SVM in Research area 2

(e) Classification result from ARG-Wishart in Research
area 2

Figure 7. Comparison of classification results

(f) Classification result from original-wishart in Research
area 2
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82.48
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77.99

Kappa coefficient
0.81
0.63
0.86
0.72
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0.65

Table 1 Classification results from research areas 1,2

the kappa coefficient (0.86, 0.72) on both research areas.

Therefore, from this data (see Figure.7 and Table1), we
can conclude that the improved ARG-Wishart
classification algorithm can obtain high accuracy on
building, water, farmland, and vegetation, but small
question remains when extracting water (which is omitted).
This is mainly because water boundaries are so narrow
that it is easy to be affected by its environmental conditions
after filtering. However, in general, the ARG-Wishart
classifier’s classification accuracy is high and steady.

4. Conclusion

In conclusion, this paper provided an efficient digital image
classification scheme by combining the adaptive region
growing algorithmwith the Wishart maximum likelihood
classifier based on Wishart distance. In order to select
the best threshold value in each local area, the OTSU
algorithm was introduced to obtain the optimum threshold
value within each area. The semi-supervised clustering
course was conducted by this adaptive region growing
algorithm to enhance the number of training samples.
Then, using these enhanced training samples, the Wishart
maximum likelihood algorithm was used to classify
unknown samples. Within these two different kinds of
satellite SAR data from ALOS and RADARSAT-2 as
experimental data, experiments were conducted by the
ARG-Wishart, the SVM, and the original Wishart
classifiers respectively on Lishui County, Jiangsu Province
(ALOS) and Jiangning District, Nanjing City (RADARSAT-
2). The experimental results demonstrated that the
proposed ARG-Wishart  classifier achieved both higher
overall accuracy and Kappa coefficient than the other
classifiers. Moreover, it proved that six labeled seed points
are only required within each class, thus reducing negative
influences when selecting training samples.
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