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Abstract:  This paper proposes an unsupervised algorithm for airport runway area detection based on super-pixel PolSAR 

image classification. First, the SLIC (simple linear iterative clustering) algorithm are used to obtain super-pixel image by 

segmenting the PauliRGB image, which reduces computational complexity, and saves computing time compared to the use 

of pixel-based methods. Then, the VAT-DBE algorithm is used to estimate and obtain the number of clusters automatically 

without manual setting, and combing the polarization information, the super-pixel image is classified by the method of 

spectral clustering. After that, the suspected airport runway area is extracted according to the scattering characteristics of the 

runway and classification result. Finally, the airport runway area is detected by using structural and topological 

characteristics of the runways. The experimental results show that the proposed algorithm can detect the airport runway area 

effectively with clear outline, complete structure and low false alarm rate, and this method also requires less time and a 

priori information compared with other methods. 
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1. INTRODUCTION  

 

Airport targets has an extremely important strategic 

significance both in military and national economy fields. 

Its automatic detection is very necessary in military strike, 

emergency rescue, aircraft navigation and other domains. 

As a typical and stable symbol of airport, runway is often 

used as a key feature to identify airport area in an image. 

Synthetic Aperture Radar (SAR) is widely used in remote 

sensing field because of the characteristics of its all-

weather, all-time, strong penetrability and long-distance 

imaging. Polarimetric SAR (PolSAR) image contains more 

polarization information of targets and can better 

characterize their features and details than that of single-

polarization SAR, which show a great potential in 

classification, target detection and recognition [1-4].  

The existing airport runway detection algorithms based on 

PolSAR images normally adopt the image classification 

method to extract the region of interest (ROI) first and then 

perform further identification. For the pixel-based image 

classification, the computation complexity is very high 

when image size is large. Wishart classifier is often used 

with a good classification performance, but it is sensitive 

to initial clustering center and easy to fall into a local 

optimum.  

To solve the above problems, this paper proposes a new 

algorithm for automatic detection of airport runway area 

based on super-pixel PolSAR image and spectral clustering 

classification. First, we construct a super-pixel image from 

the original PolSAR image. Then, unsupervised 

classification based on spectral clustering is applied to 

extract ROI which includes the runway. The airport 

runway area is detected finally by using structural and 

topological characteristics of the runways in the ROI.  

 

2. BASIC THEORY AND METHODS 

 

2.1 Polarimetric SAR Data and Pauli Decomposition 

The polarized SAR data records the polarization scattering 

information of each pixel. For PolSAR, the complex 

relationship between the incident wave and the scattered 

wave is usually expressed by the Sinclair matrix [5]. 
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Where H and V respectively represent the horizontal and 

vertical polarization states, which shows the complex 

scattering amplitude of the horizontal polarization 

emission and the vertical polarization reception. For single 

station backward scattering, the objective of satisfying the 
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reciprocity theorem has HV VHS S , so the 3-D Pauli 

eigenvector can be expressed as follows: 

1
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In practical use, the polarization coherency matrix T is 

commonly used to represent the scattering process in order 

to clearly represent the physical meaning: 
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2.2  SLIC Super-pixel Segmentation  

Super-pixel [6] refers to a small area in which pixels of 

similarity between pixels are merged according to gray 

scale, color, texture, etc. The super-pixel segmentation of 

images with similar pixels, can both reduce redundant 

information while preserving image details and useful 

information, greatly reduce the subsequent processing task 

of computational complexity and stability, and improve the 

efficiency of the algorithm. Therefore, the super-pixel is 

widely used in various tasks such as image classification, 

image segmentation and so on. Recently, some scholars 

have proposed a SLIC super-pixel segmentation method 

[7], which can obtain the segmentation result quickly and 

effectively for both optical image and SAR image and 

preserves the information of the spatial structure of the 

image well. SLIC evolved by improving the k-means 

clustering method. The basic idea is to describe the RGB 

space using CLELAB color space and pixel location 

information X, Y, which are 5 dimensional feature vectors. 

The similarity metric and local clustering of eigenvector 

are used to form super-pixel through iterative convergence. 

Detailed steps are as follows: 

First, we set the number of super-pixels K, for an image 

with N pixels, the size of each super-pixel is therefore 

/N K pixels. Then, N seed points are evenly distributed on 

the image and labels are assigned to each seed point, so the 

interval between each seed point is /S N K . In order 

to avoid placing seed points at an edge and choosing a 

noisy pixel we move them to seed locations corresponding 

to the lowest gradient position in a 3×3 neighborhood. 

Then, according to the equations of (4), (5) and (6), the 

similarity between the seed points within  2 2S S  area 

around the super-pixel center (seed point) is obtained. 

Finally we complete SLIC super-pixel segmentation by 

calculating the similarity between the seed point and the 

adjacent pixel, merging the pixels with similar similarity 

and assign the label of the nearest seed point repeatedly. 
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Where 
lab

d is the color distance between the pixels in LAB 

color space, 
xy

d is the plane distance between pixels and  

i
D is the sum of the lab distance and the xy plane distance 

normalized by the grid interval S. A variable m is 

introduced to control the compactness of a super-pixel. 

2.3 VAT and DBE Algorithm 

In the image classification problem, it often involves the 

determination of the number of classes, a reasonable class 

number directly affect the complexity and accuracy of 

classification results. Most of the existing classification 

algorithms are either according to the experience of 

manual settings or some characteristics to set a fixed 

number and can not adaptively determine the number of 

data categories, which affects the classification results [8]. 

To solve the problems above, Bezdek etc. [9] proposed a 

VAT algorithm (visual assessment of cluster tendency). 

VAT is a graph-based algorithm that can estimate and 

visualize the potential clustering information of data, and 

combined with DBE (Dark Block Extraction) algorithm 

[10], which is used to postprocess the estimation results, 

the estimated class number and the clustering center is 

automatically extracted. Liu Bin [11] and others applied it 

to SAR image adaptive classification processing and 

achieved good results, so we chooses the algorithm before 

clustering to estimate the class number. The basic steps of 

the algorithm are as follows: 

First, we use a measure to calculate the distance of data to 

construct the dissimilarity matrix and sort the data with 

minimum dissimilarity along the main diagonal of the 

matrix to form a dissimilarity image. Then we construct a 

new dissimilarity matrix to form a reordering dissimilarity 

image, the RDI graph is binarized with Ostu automatic 

threshold segmentation and perform a distance 

transformation (DT) after directional morphological 

filtering. In the end, we project all pixel values of the DT 

image onto the main diagonal axis to obtain a projection 

signal and calculate the first-order derivative of the 
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projection signal. So the number and position of “zero-

crossing” points are obtained, the number of “zero-

crossing” points represents the estimated class number of 

data, the location of “zero-crossing” points corresponds to 

the cluster center. The main steps of the algorithm are 

shown in Figure 1: 

     

(a) Scatter plot of 3,000 points         (b) Reordered VAT image 

      
          (c) Projection signals                 (d) First-order derivative signal 

Figure 1 Main Steps of An Example of VAT and DBE algorithm 

Figure 1 (a) shows the randomly generated three types of 

data points scatter plot, each type of data 1000 points, 

represents with different colors respectively; Figure 1 (b) 

shows the reordered VAT image after calculating the 

Euclidean distance dissimilarity of the three types of data; 

Figure 1 (c) shows the projection signal, the ordinate 

represents the projection value, the abscissa represents the 

position of the main diagonal axis; Figure 1 (d) shows the 

first-order derivative of the projection signal, where the 

number and position of the circle are the estimated class 

number and the position of the cluster center. 

2.4 Spectral clustering algorithm 

Wishart classifier, which is based on ideas of k-means, is 

often used with a good classification performance in 

polarimetric SAR image unsupervised classification, but it 

is sensitive to initial clustering center and easy to fall into a 

local optimum [12], [13]. Spectral clustering [12] is a 

clustering method based on spectral graph theory. 

Compared with the traditional clustering method, it has the 

characteristics of clustering in any shape data space and 

converging to the global optimal. The core idea is to 

consider each sample as the vertex of the graph, and the 

dissimilarity between the samples is treated as the edge of 

the weighted graph. The method of spectral graph 

segmentation is used to find the optimal method for 

grouping and the final result is that the weights of the 

edges of the same group of samples are as high as possible. 

The weights of the edges of the different groups are as low 

as possible, that is, the dissimilarity in the group is high, 

the dissimilarity between groups is low, so as to achieve 

the purpose of clustering. It is important to apply spectral 

clustering method to SAR image processing, and some 

good results have been obtained. Such as Ersahin [14] and 

others applied spectral clustering method to the 

classification of polarized SAR images for the first time 

and achieved a good result. Anfinsen [15] and others 

proposed a SAR image classification algorithm based on 

the polarization coherence matrix combined with the 

Wishart classifier and spectral clustering method, and it 

has high accuracy. Therefore, we chooses spectral 

clustering for the proposed algorithm. Nyström method 

[16] is used in order to reduce the time and space cost, The 

detailed steps are as follows： 

Step1 Construct affinity matrix 
n n

W


 with a measure. 

Step2 Calculate the Laplacian matrix, 
1 1

2 2( )
sym

L D D W D
 

   

where D  is the diagonal matrix, whose diagonal 

elements are 
1 ,

( , )
n

i i j
D j j w


 , that is the sum of 

all the column elements of the matrix 
n n

W


. 

Step3 Calculate the eigenvalues of the Laplacian 

matrix
sym

L  and arranged in order from large to 

small, then feature vectors corresponding to the 

first k eigenvalues to construct the 

matrix  
1 2
, , ...

n k k
V v v v


 . 

Step4 Cluster the row vectors of
n k

V


using k-means 

algorithm. Complete spectral clustering by dividing 

the n k-dimensional data into is k class finally. 

  

3. PROPOSED METHOD IN THIS PAPER 

 

The specific flow of the algorithm is shown in Figure2, 

First PauliRGB image is obtained by Pauli decomposition 

of the fully polarized SAR image and it is segmented by 

SLIC algorithm to construct a super-pixel image. Then, the 

classification step is completed and suspected ROI (region 

of interest) of airport area is extracted by using spectral 

clustering after that VAT and DBE algorithms are used to 

estimate the class number of super-pixel image. Finally 

according to the airport runway polarization characteristics, 

weak echo characteristics and geometric characteristics, 

further identification is executed for the suspected ROI 

extraction to determine the airport area. 
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Figure 2 The flow chart of the proposed method 

3.1 Super-pixel image construction. 

After PauliRGB image is formed by Pauli decomposition 

of polarized SAR image, we firstly set the number of 

super-pixels to be generated as K. The number of super-

pixels determines the complexity and execution effect of 

the latter classification. The more the number of super-

pixels means the more image nodes generated, and the 

larger the affinity matrix dimension in the spectral 

clustering, which costs lots of the memory and calculating 

time; and if the number of super-pixels is too small, it is 

easy to form under-segmentation, resulting in poor 

segmentation effect. Therefore, all the SAR images used in 

the experiment are set different super-pixels number to 

segment and count the average boundary recall [6] and 

computing time. Figure 3 (a) shows that as the number of 

super pixels increases, the boundary recall continues to 

increase; Figure 3 (b) shows that time-consuming is 

increasing with the increase of the super-pixel number, 

When the number of super-pixels is greater than 10000, 

the increasing trend of boundary recall slows down, so we 

choose 10000 super-pixels as a standard for the experiment. 

   
(a) Impact on boundary recall         (b) Impact on computing time 

Figure 3 The Impact of the Super-pixels Number on Boundary Recall 

and Algorithm Computing Time 

According to the number of super-pixels to be set, the 

PauliRGB image is segmented by the SLIC algorithm 

mentioned in section 2.2 to form the super-pixel image I. 

then the mean polarization information of the pixels 

contained in each super-pixel is computed and used as the 

polarization information of the super-pixel. When the 

polarization coherence matrix T is chosen as the feature, 

the average coherence matrix sT of each super-pixel is 

shown in Equation (7). So the number of super-pixels is 

much smaller than the pixels of the original SAR image, 

which not only reduces the complexity of the later process 

but also preserves the polarization information of the 

original SAR image. 

                                 
1

1 n

s
i

i

T T
n 

                                  (7) 

Where /n N K , represents the pixels number in each 

super pixel, that is, the size of the super-pixel, N is the 

pixels number included in the PauliRGB image. 

3.2 Classification processing. 

After the super-pixel image I is obtained, the gray scale 

information contained in super-pixel image I is used as the 

feature to measure the pairwise dissimilarity by Euclidean 

distance of pixels value, then the VAT and the DBE 

algorithm in section 2.3 are used to estimate the class 

number c  of the I for the further clustering. When we get 

the class number c , we construct the dissimilarity ( , )w i j  

between super-pixels with distance of sT  by the Gaussian 

kernel function, as is shown in Equation (8). 

2

s

2
( , ) exp( )

2

i sj
T T

w i j


 
                         (8) 

Where  is the scaling parameter and
si sj

T T is the 

Euclidian distance between super-pixels i and j. 

In the end, the affinity matrix   is formed by calculating the 

dissimilarity between all super-pixels and the spectral 

clustering algorithm mentioned in section 2.4 is 

implemented to complete classification step and get the 

classification result I1. 

3.3 Suspected ROI extraction and identification 

Corresponding to the classification result in classification 

step, we calculate the average power of each class in I1. As 

the runway appears weak scattering echo characteristics in 

PolSAR image, the power of pixels belong to runway is 

very small. So, the pixels in a class with minimum average 

power are extracted as suspected airport runway areas 

(ROI). The pixels inside ROI are labeled as “1” and others 

are labeled as “0” to form a binary image. Some small 

isolated areas labeled as “1” are removed with 

morphologic processing method. Finally runway structural 

features such as parallels, topologic property are utilized to 

identify which region is the true runway area just like the 

method used in literature [3]. 

 

4. EXPERIMENT RESULTS 

 

In order to verify the validity of the proposed algorithm, 

we use the four-look real PolSAR image data of San 

Andreas Fault area collected by NASA/JPT UAVSAR 

system at L band in 2009. The azimuth and range 

resolution are 7.2m and 4.9m respectively. Figure 4 shows 

PauliRGB and the optical image about this area. The 
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image size is 1051×1151 pixels. There are airport, river, 

road, grass, farmlands, and buildings etc. in the image. 

Parameters in experiment are set as follows: morphological 

filter threshold Th0=450, the number of super-pixel is 

10000, the number of Euler E and parallel line spacing Dis 

are 0 and 10 respectively. 

 

 

         
(a) PauliRGB Image                                                               (b) Optical image 

Figure 4 The Images of San Andreas Fault Area 

         
            (a) Super-pixel image                                                             (b) Class number estimation result 
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                 (c) The classification result                                             (d) Class with power minimum extraction 

          
(e) Extraction of ROI                                                                    (f) Detection Result 

Figure 5 The Experiment Result of Proposed Method 
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(a) Extraction of ROI                                                                (b) Detection result 

Figure 6 The Experiment Result in [3] 

           

(a) Extraction of ROI                                                                (b) Detection result 

Figure 7 The Experiment Result in [18] 

Figure 5(a) shows the super-pixel image obtained by SLIC 

segmentation algorithm with the uniform size and clear 

edge and the super-pixels number is about one percent of 

the original pixels number, This means that the SLIC 

segment step not only reduces the number of pixels to 

process, improves the efficiency of the algorithm, but also 

retains the boundary information of the image. Figure 5(b) 

shows the estimated class number by using VAT and DBE 

algorithm with the grayscale information of the super-

pixels and the class number . According to the estimated 

number, the spectral clustering method is used to classify 

the super-pixel images, and the results are as shown in 

Figure 5(c), it can be seen clearly that the light red runway 

area and its various colors represent the different types of 

ground objects, which indicates that the classification 

result is good. Figure 5(d) shows the result of extracted 

class with minimum power according to the weak echo 

scattering characteristics of the runway, and a small 

amount of other interfering objects can be clearly 

distinguished in the image. Figure 5(e) shows the extracted 

ROI of the suspected airport runway area by 

morphological processing for the binary image of Figure 

5(d) to remove some small areas. Figure 5(f) shows the 

final detection result of the proposed mothed. Compared 

with the method shown in Figure 6 and Figure 7, the three 

methods can effectively detect the airport area all. 

However, there are false alarms in the final results of the 

method used in literature [3], and under the same 

experimental conditions, the proposed method takes less 

time, about 4 percent of the method in [3], 30 percent of 

the method in [18]. From the experiment, it proves that the 

proposed algorithm can effectively extract the airport 

runway area in the polarized SAR image without 

supervision and takes less time. 

In addition, we have applied the proposed method to other 

12 different POLSAR images collected by UAVSAR 

system at L band. Detection results show that the proposed 

method is of high detection accuracy and low false rate. 

 

5. CONCLUSIONS 

 

In this paper, we proposed an unsupervised method based 

on super-pixels and spectral clustering to detect the airport 

runway area. The SLIC segmentation algorithm is used to 

obtain the super-pixel image first in order to reduce the 

number of pixels and the complexity of post-algorithm 

processing. Then the VAT and DBE algorithms are used to 

implement the adaptive determination of the number of 

classification and the super-pixel image is classified using 

the spectral clustering method according to the estimated 

number. Finally runway area is detected by using target 

scattering properties, structural and topological 

characteristics of the runways. Through the experiment of 

the multiple sets of fully polarized SAR data and the 

comparison with the algorithm in [3] and [18], the results 

show that the proposed algorithm can detect the airport 

runway area more accurately with less calculation time, 

and the false alarm rate is low. The algorithm need less 

priori information and need not to set the class number 

artificially before classification, also, it is insensitive to 

speckle noise, which means more robust and higher 

efficiency. 
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