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Abstract

Aiming at the complexity of ground objects in urban area, and the difficulty in
distinguishing ground objects using spectral characteristics, we extracted normalized
different indexes, namely Modified Normalized Difference Water Index (MNDWI), Soil
Adjusted Vegetation Index (SAVI ) and Normalized Difference Building Index (NDBI) , as
the key auxiliary information for land use classification of urban area. To solve problems
of RBF neural network, such as local minimum values and discrete output value in output
layer, we used max-min distance means to initialize RBF center, and introduced
equilibrium factor into Gauss function to improve RBF neural network learning
algorithm. On this basis, a new urban area classification model was proposed based on
improved RBF network and normalized difference indexes. At last, NanChong city in
SiChuan province of China was taken as the study area, and TM images was used as
experiment data to test the model proposed in this paper. The results showed that, based
on the improved RBF network, with the help of spectral band information, the
classification overall accuracy was 89.97%, Kappa coefficient was 0.88; using both
spectral band information and normalized difference indexes, the classification overall
accuracy was 95.02%, Kappa coefficient is 0.94, the classification overall accuracy was
improved by 5.05%. Also, the experiment results showed that, with the help of spectral
band information and normalized difference indexes, the classification overall accuracy
of MLC, BP and improved RBF network was 90.12%, 93.63%, 95.02%, respectively,
which means RBF has an advantage of fusing geological parameters in classification.

Keywords: RBF Network, Normalized Difference Index, Urban Land Use,
Classification

1. Introduction

With the development of remote sensing technology, remote sensing image
classification, as an important link in the application of remote sensing technology, is
playing an increasingly important role in special information extraction, dynamic change
monitoring, thematic mapping, remote sensing image database construction and other
fields. There are many advanced classification algorithms which are widely used in
remote sensing classification, including neural network, support vector machine [1-4],
expert system [5-6] and so on. Among them, the neural network algorithms can work well
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without prior knowledge of data distribution, has the good characteristics of error
tolerance and strong adaptability, and can easily integrate different types of data [7-11].

Radial basis function (RBF) neural network has been studied and applied widely in
remote sensing image classification, which is a kind of forward neural network combined
with a parameterized statistical distribution model and a Non parametric linear perception
model [12-17]. Compared with the BP neural network, the RBF neural network has
advantages of fast learning speed, not easy falling into local minima, and so on [12,15].
The precision and stability of the RBF neural network algorithm depends on the
reasonable selection of the center and width of the hidden layer. At present, the design
methods of the center of the hidden layer includes k-means algorithm, competitive
learning algorithm, self-organizing neural network clustering algorithm, and so on.
However, the above clustering algorithms can easily be trapped into local minima because
of the random initialization of the RBF centers. It is difficult to get the optimal design of
the hidden layer, and the classification effect of classifier is affected [15-18] At the same
time, the value of output layer is very discrete because Gauss kernel function is used in
the RBF neural network [20].

On the other hand, the main input features are the original spectral features and texture
features [20-22], shape features [23-24], and so on. The indexes with physical significance
from the original spectral information are rarely used, which limits the classification
accuracy in complex urban area.

As for the urban area, the ground objects are complex, the spatial distribution is
discrete, and the phenomenon of same object with different spectra and different objects
with same spectrum is serious. This paper mainly aims at the above problems of remote
sensing classification in city area. The maximum minimum distance method is used to
initialize RBF center, and the equilibrium factor is introduced in Gauss function, to
improve RBF neural network learning algorithm. Further, combined with the normalized
spectral indexes and RBF neural network, the remote sensing classification model is
established to improve the classification accuracy of city area.

2. Research Methods

2.1. Data Preprocessing and Normalized Difference Indexes Extraction

The experiment data source are TM 5 images obtained on May 23, 2010. Image bands
1-5 and 7 are visible band and near-infrared band, of which their spatial resolutions are 30
m; Band 6 is the thermal infrared band, of which spatial resolutions is 120 m. Also, in this
research, auxiliary data like land use map and QuickBird image were referenced. Data
preprocessing was mainly completed in ENVI 4.3. Firstly, the raw images was
geo-referenced based on the QuickBird images, and was re-sampled with a pixel size of
30 m by 30m for all bands. The RMSE of rectification was less than 1.0 pixel. Next, after
radiometric calibration and atmospheric correction by the FLAASH tool, the surface
reflections of six optical bands were obtained.

According to pixel scale, the urban surface is mainly composed of three kinds of
objects: vegetation, construction land and water. Vegetation is mainly composed of
grassland, cultivated land, roads and bare land. Water is composed of lakes and rivers. In
this paper, NDVI, NDBI and MNDW!I having physical guiding significance were used to
represent the coverage of vegetation, construction land and water, respectively.

NDVI means normalized difference vegetation index, it can show the vegetation
coverage condition relatively well. It is also one of the most widely used index. Because
NDVI is often interfered by the soil background noise, Huete put forward a Soil Adjusted
Vegetation Index (SAVI). SAVI can be obtained by the formula below [26]:

SAVI = M(H L) (1)
Pur +Pr +L
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In this formula, L is the soil adjusted factor, its value is between 0 to 1. Usually,
setting it 0.5 could weaken soil background difference, further eliminate noise fairly well.
Because of the introduction of soil adjusted factor, SAVI is considered suitable for the
low vegetation coverage region, such as urban area.

Normalized Difference Building Index (NDBI) is proposed by Cha Yong based on
imitating normalized difference vegetation index, which can more accurately reflect the
construction land information, the greater NDBI is, the greater the proportion of
construction land is, and the higher building density is in that area. Its expression is as
follow[27]:

NDBI = 2ur — Prr 2)
Pmr T Pnir
McFeeters (1996) constructed Normalized Difference Water Index (NDWI) using the
reflection difference of water between green band and near-infrared band . Xu
HanQiu(2005) put forward the Modified Normalized Difference Water Index (MNDWI)
using short wave infrared band instead of near infrared band in, which can enhance the
contrast between water and other ground, also restrain inhibit the noise of buildings and
soil background. And its formula is as follow [29]

MNDWI = £e ~ Puir 3)
P ~ PMR

In the above formula (1) ~ (3), P~ Pr~ Pur~ Pur represent the surface

reflection of green band, infrared band, near-infrared band and middle infrared band,
respectively. As for TM image, they indicate the surface reflection of TM band 2, 3, 4 and
5, respectively.

2.2. Improved Learning Algorithm of RBF Neural Network

RBF neural network is a nonlinear mapping neural network model that combines
unsupervised clustering method with supervised monolayer linear perception essentially.
RBF is composed of three layers, namely input layer, middle RBF layer, output layer.
Usually the number of nodes of input layer equals the number of dimensions of data used
in application field, and the number of nodes in output layer is equal to the number of
classes.

Three steps are included in RBF neural network learning algorithm [12-17]: First, to
determine the centers of RBF by unsupervised method; Secondly, to calculate the width
of RBF centers; Thirdly, to determine the connection weight between middle layer and
output layer. However, there are some defects in RBF neural network learning algorithm:
usually the center is initialized randomly in the process of determining RBF centers by
unsupervised method. So the clustering algorithms can easily be trapped into local
minima, and it is difficult to get the optimal hidden layer. The output values could be very
discrete as Gaussian kernel function is used, even for the same class. Aiming at these
problems, combined with the practical application in urban remote sensing classification,
an improved RBF neural network learning algorithm was put forward as follows:

(1) Input the unsupervised sample set X ={x;, 1=01,...,P—1}, then use
max-min distance Means to initialize the hidden layer center C; (0), and use competitive
learning algorithm to train the hidden layer center iteratively [30-31]. Below are details:
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Cin (0) = MaxMinDist{X},m=01,...,1 -1, j=01..,N-1t=0
whil ((Ac; 2¢) or (t<T,))

{
j =arg [min(| x—c;®) )], ] =01,...,Q-1 (4)
&  re_ L
Cj(t+1):Cj(t)+m [X Cj(t)], J J
Ac; =[lc;t+)—c, (O, t=t+1
¥

In the above formula , j~ represents the number of winning node, arg[min(*)]
represents number of min distance node obtained, | *| represents Euclidean distance,
t represents the times of iterations, T, is the final times of iterations, @, is the initial
learning rate, AC; and ¢, are the change of RBF center and error threshold in two
successive iterations.

(2) Calculate the width of RBF o ;

1
ajZ:MZg:(x—cj)T(x—cj) (5)
PEN
In above formula, €; represents the jth class, M represents the number of samples

that belong to 0,

(3) Load training sample set X and class information, use gradient descent
algorithm to train the connection weight between RBF layer and output layer [15-17]. The
expressions are shown as follows:

Wy (0) =random(0, 0.1),j=01..,N-1k=01...M-1t=0
while ((AW, >¢&,) or (t<T,))

{
’ 2Ko;?
4 (6)
O, = ijOj
j=0
o
W.(t+)=W_,({t)+—*(, -T,)*O,
kj( ) kj() (1+t/T2) ( k k) j
AW, =W, (t+1) W, ©) ] t=t +1
}

In above expression, O; is the output valve of hidden layer node J: O, isthe real
output valve of output node k, T, is the ideal output valve of output node, W,; is the
connection weight between output layer node k and hidden layer node j; 7, is the
initial learning rate, K is the equilibrium factor, t is the times of iterations ,T, is total
times of iterations, 77, is the initial learning rate in the process of RBF clustering,
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AW, is the change of RBF center in two successive iterations. &, is the error

threshold.

In this paper, the improvements of RBF neural network learning algorithm are
embodied in two respects:

(1) Max-min distance Means was introduced into RBF neural network clustering
learning to initialize RBF centers. It solves the defect brought by random clustering
center;

(2)When Gauss function is used, the output values could be very discrete, even for the
same class model. To get the output valve to accord with the property of clustering, we
introduced equilibrium factor K. And its value should be in range [5, 10]. In this paper, it
is set as 10. If K is too little, output values cannot be close enough to each other; Also if K
is too large, the output values will be too close to each other, and the performance of the
entire network will be declined.

2.3. The Urban Classification Model Based on Improved RBF Network

According to the above RBF neural network learning algorithm, combining the
concrete application of remote sensing image classification, the urban remote sensing
classification model was proposed as shown in Figure 1.

Preparing experimental data
4 TM Image and reference data

!

Establish a new composite image

4 Geometric correct and atmospheric correct

4 Inverse MNDWI, SAVI and NDBI

4 Establish a new composite image from TM band
1~5, band 7. and MNDWI, SAVI and NDBI

!

Select and treat train samples
# Select Training samples

# Purify samples by mean-variance method

I

Train RBF networks using samples

4 Build the structure of RBF networks

4  Get the center position and width of RBF network
using improved competitive learning algorithm

# Train weights with RBF layer and output layer

;|

Classify and evaluate
4 Class by the trained RBF network
4 Evaluate the classification accuracy

Figure 1. The Urban Remote Sensing Classification Model based on RBF
Network
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According to Figure 2, several steps are included in the urban remote sensing
classification model based on RBF neural network:

(1) SAVI, NDBI and MNDWI were inversed from TM images after atmospheric
correction. So there were nine input features together with the surface reflections of the
six light bands.

(2) Supervision training samples were chosen, and were preprocessed by
mean-variance method.

(3) Supervision training samples were input into the RBF neural network, and were
used to train the network: To use max-min distance means to initialize the RBF centers,
and use competitive learning algorithm to train RBF centers; To compute the width of
RBF according to the samples attributable to the RBF centers; To use gradient descent
algorithm to train the connection weight between RBF layer and output layer.

(4) Use the stable RBF neural network to classify those unclassified pixels to the
classified image, and evaluate its precision.

3. Experimental Results and Analysis

We chose the area within the ring expressway of Nanchong city, Sichuan province,
China, namely the core area of the main city and its rapid expansion surrounding area, as
the research area. Its specific location is shown as figure 2. The study area is located in
north latitude 30.72~30.86 degree, in east longitude 106.03~106.19 degree, the length
along south to north is about 14 kilometers, the width along east to west is about 16 km,
and its area is about 233 km?. The maximum elevation is 489 m, the lowest elevation is
221 m, and the average elevation is 278 m over the study area. The Jialing River goes
through the city from north to south direction roughly. This leads to form a slice
multi-center and cluster structure because of the natural separation by terrain and rivers.

Kilometers

Figure 2. The False-color Image of Study Area (R=TM3,G=TM2,B=TM 1)

According to the study area’s QuickBird images and other auxiliary data, the ground
objects of the study area are identified as 7 categories, which are water, new city, old city,
bare land, cultivated land, woodland and vegetable land. Total 5046 training samples were
selected from the original image and the samples should be representative and reflective
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and can reflect the distribution of the actual surface ground objects. The mean spectral
value of the ground objects is shown as figure 3. From figure 3, we can find that the
spectral characteristics of old city, new city and bare land are close, especially the spectral
features of new city and bare land is very similar, and the spectral distributions of
cultivated land, vegetable land and woodland are similar.

140
120
== Bare land
- 100
3 —l—MNew city
5 80 ——Old city
E 60 —\Water
Lo
= =—Woodland
40
—&—Farmland
20 Vegetable land
0
Band1 Band2 Band 3 Bandd4 Band5 Band7

Figure 3. Spectral Distribution Curve of Different Categories

The normalized indexes, namely MNDW!I, SAVI and NDBI, were inversed from TM
images. The index distribution characteristics of ground objects are shown in figure 4.
From figure 4 we can find that three indices are different and can better reflect the
changes in urban land use types. Compared to the original spectral values, indexes can
better distinguish the land use types of urban areas.

0.8
0.6
- 0.4 = Bare land
2
== New i
E 02 ty
= Ol city
i) 0 : -
:l‘__;f ——Water
0.2 /
/ ——Woodland
0.4 —@—Farmland
0.6 Vegetable land
MMNDWI SAVI NDBI
Normalized Difference Indexes

Figure 4. Normalized Difference Index Curve of Different Categories

To analyze and compare the spectral index’s effect on classification accuracy, two
experiments were carried out. The original spectral information was used in the first
experiment, and both the original spectral information and index information were used in
the second experiment. In the first experiment, input features include TM band 1-5 and 7,
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so the number of input layer nodes is 6. The number of output layer nodes is 7 because the
number of the classes of study area is 7.

Because the number of middle RBF nodes is difficult to determine, it is the difficulty
of the design of RBF structure. According to several trials, the number of middle RBF
nodes was set 20, which can obtain a higher overall classification accuracy. So the
network structure was 6-20-7. The Iterations and learning rate of training RBF centers
was set to 1200 and 0.2 respectively. The iterations and learning rate of training the
weights between RBF layer and output layer was respectively set to 2000 and 0.15
respectively. We used the selected 5046 training samples to train the RBF network, and
classified the whole remote sensing image with the trained network. The classification
result is shown as figure 5.

Figure 5. The Classification Using Spectrum Information

When simultaneously using spectral information and index information, the input
features include TM band 1~5, 7, SAVI, MNDW!I and NDBI. The number of the input
layer nodes is 9; and using the same above method, the RBF nodes are set to 25, and the
network structure was 9-25-7. The Iterations and learning rate of training RBF centers
were set to 2000 and 0.15. The weight iterations and learning rate is respectively set to
3000 and 0.1 when training the weights between RBF layer and output layer. The
classification result is shown in figure 6.
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Figure 6. The Classification Using Spectrum Information and Normalized
Difference Indexes

Total 3182 test samples were carefully selected from the original image, and the
number of each category’ test samples is about 500. The test samples were respectively
input into the two trained network. The error matrix of classification is respectively
shown as table 1 and table 2. Among them, table 1 is the result of using band 1-5 and 7 as
the input of improved RBF network, table 2 is the result of using band 1-5, 7, SAVI,
MNDWI and NDBI as the input of improved RBF network.

Table 1. The Classification Confusion Matrix Using Spectrum Information
(Overall Accuracy = 89.97%, Kappa Coefficient = 0.88)

Reference data

Classification ?are new city oldcity  water woodland farmland vegetable

and land
bare land 473 26 19 1 2 2 1
new city 22 468 23 1 2 4 2
old city 15 35 520 3 9 9 7
water 1 1 1 527 2 1 2
woodland 4 2 9 8 465 16 20
farmland 2 3 6 5 21 481 31
vegetable land 2 1 2 2 19 35 465

Producer’s =91 14 g731 8066 9634 8942 8777  88.07

accuracy (%)

From the table 1, we can find that the Overall accuracy is 89.97%, Kappa Coefficient is
0.88 when using the TM band 1~5 and 7 as the input of the improved RBF network.
Because the spectral characteristics of bare land, new city and the old city are close, there
are some misclassifications between each other, the Overall accuracy is between 87.31%
and 91.14%. Because woodland, cultivated land and vegetable land are belong to
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vegetation cover ground object, their spectral characteristics are similar, and the
classification results may have some misclassification, the Overall classification accuracy
are between 87.77% and 89.42%. But the classification accuracy of water is the highest,
which is up to 96.34%.

Table 2. The Classification Confusion Matrix Using Spectrum Information
and Normalized Indexes (Overall Accuracy = 95.02%, Kappa Coefficient =

0.94)
Reference data
Classification . .
meat bare new city oldcity  water woodland farmland vegetable

land land

bare land 495 15 11 0 1 1 0

new city 12 496 13 0 0 2 1

old city 8 19 541 1 4 5 4

water 1 0 2 542 0 0 0

woodland 2 2 7 1 502 6 7

farmland 1 3 4 3 8 519 21
vegetable land 0 1 2 0 5 15 495
Producer’s 95.38 92.54 9328  99.09  96.54 94.71 93.75

accuracy (%)

From the table 2, we can find that the Overall accuracy is increased from 89.97% to
95.02% when SAVI, MNDVI and NDBI were added as the input of the improved RBF
network, and the Overall accuracy was raised 5.05 percentage points. And the
classification accuracy of each ground object is increased. Among them, the classification
accuracy of the bare land, new city, old city, which are easy to mistake, is increased by
4.24%, 5.22%, 3.62%, respectively. The classification accuracy of the woodland,
cultivated land and vegetable land, whose spectral characteristics are similar, is increased
by 7.12%, 6.93% and 5.68%, respectively. The classification accuracy of water body is
still the highest, is up to 99.09%. In conclusion, the classification accuracy can be
improved at a certain extent when normalized spectral indexes with physical significance
are added as the input of RBF network. The normalized difference indexes can extend the
spectral difference especially for the ground objects whose original band information is
close.

In order to further analyze the remote sensing classification model based on improved
RBF neural network, the classification accuracy of improved RBF network, the maximum
likelihood method and BP neural network are compared, the results as shown in table 3.

Table 3. The Classification Accuracies of Different Classification Algorithms

Classification Used Eeatures Overall Kappa
Algorithms Accuracy (%) Coefficient

MLC b1~b5,b7 85.68 0.84
BP b1~b5,b7 88.54 0.87
Improved RBF b1~b5,b7 89.97 0.88
MLC b1~b5,b7, MNDWI,SAVI,NDBI 90.12 0.89
BP b1~b5,b7, MNDWI,SAVI,NDBI 93.63 0.92
Improved RBF b1~b5,b7, MNDWI,SAVI,NDBI 95.02 0.94

From the table 3, we can find that the classification accuracy of improved RBF neural
network is close to or higher than BP neural network, and is significantly higher than
maximum likelihood whether using band 1-5 and 7 as the input feature or using band 1-5,
7, SAVI, MNDWI and NDBI as the input feature. So, the remote sensing classification
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model, based on the improved RBF network learning algorithm and adding normalized
difference indexes as the input of network, can obtain higher classification accuracy for
urban area with complex ground objects and discrete spatial distribution.

4. Conclusions

According to the complexity of the urban object types and the difficulty to distinguish
the spectral characteristics of object types, the normalized difference indexes as MNDWI,
ASVI and NDBI, were extracted from spectral information to be used as key auxiliary
information of urban land use classification. The maximum minimum distance method
was used to initialize the RBF center to solve the problem that the clustering algorithms
can easily be trapped into local minima because of the random initialization of the RBF
centers. And the balance factor was introduced into Gauss function to solve the problem
that the value of output layer is very discrete because Gauss kernel function is used in the
RBF neural network. On this basis, the urban remote sensing classification model was
built based on improved RBF neural network and the normalized indexes. The
experiments with the TM images showed that the built urban remote sensing classification
model in this paper can effectively reduce the classification error of the bare land and the
built-up and of the forest land and the cultivated land. The overall classification accuracy
based on spectral information and indexes can be up to 95.02%, which was 5.05
percentage points than the overall accuracy based on only the spectral information.
Experiments also showed that RBF neural network has a larger advantage than the
traditional maximum likelihood method in fusing parameters as vegetation index,
construction index, and so on.

It is difficult to determine the number of the intermediate RBF nodes, and which is the
difficulty of RBF structure design. In this paper, the number of the intermediate RBF
nodes was determined by many experiments. Further work is to establish some adaptive
methods to automatically determine the number of intermediate nodes of RBF, so as to
build the reasonable RBF network structure.
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