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1. Introduction 

China has experienced rapid urbanization in recent decades. To make rational policies for 

sustainable urban development, it is essential to collect up-to-date and reliable information on the 

current state of urban areas, such as urban land cover/land-use, through remote sensing.  Past 

studies demonstrated the synergistic effects of SAR and optical data for various applications (e.g., 

Ban et al., 2010; Griffiths et al., 2010; Vu and Ban, 2010; Gómez-Chova et al., 2006; Tzeng and Chen, 

2005; Ban, 2003; ). The availability of ESA ENVISAT ASAR data and the Chinese Earth Observations 

satellite data, such as BJ-1 and HJ-1A/1B,  provides excellent opportunity to explore SAR and optical 

data fusion for urban land cover mapping.   

Thus, the objective of this research is to investigate fusion of ENVISAT ASAR and HJ-1B data for 

urban land cover classification using an object-based support vector machines. 

2. Literature Review 

2.1 Urbanization, SAR & optical data fusion  

Rapid urbanization in China is characterized not only by a socio-economic transition from villages 

towards urban villages and urban communities (Liu et al., 2010) but also by de-agriculturalization 

and industrialization processes, thus affecting four aspects of urbanization connotation: population, 

economy, society and land (Chen et al., 2010). The advent of rapid urbanization can be regarded as 

a consequence of economic reforms in China. Among these, Lin (2002) identifies the three most 

important factors that made accelerated growth and finally rapid urbanization possible as: 

Decollectivization, agricultural reconstructing and rural industrialization. Especially in terms of 

energy consumption, having constantly risen since the first stages of Chinese urbanization in 1978 

and most prominently in the beginning of the current century, rapid urbanization is proceeding at 

staggering speed. Additionally, the energy consumption trend is increasing every year (Chen et al., 

2010). Alongside this dramatic increase, the amount of emissions, waste water, waste gas, solid 

waste and dust rises simultaneously and raises environmental issues of pollution and preservation. 

Therefore, the development of effective analytical methods to monitor the until today 

unprecedented increase and growth of Chinese cities and the resulting environmental impacts are 

crucial for urban planning and sustainable development.  

Current efforts in monitoring urbanization in China rely mostly on optical satellite systems and are 

characterized predominantly by analyses of Landsat TM imagery, e.g. Ji et al. (2001), Li and Yeh 

(2004), Schneider et al. (2005), Seto and Fragkias (2006), Corbane et al. (2008), Cao et al. (2009), 
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Wang et al. (2009) and Zhang et al. (2009). First approaches to multisensor satellite image fusion 

for land-cover mapping and urban feature extraction in China were performed by Zhu and Tateishi 

(2006) and Jia et al. (2007) with promising results. However, little research has been performed on 

spaceborne SAR and optical data fusion for urban land cover mapping. Radar and optical data can 

be regarded as complementary. Through image fusion, the merits of each sensor can be kept whilst 

avoiding the sensors’ weaknesses, respectively.  

Synthetic Aperture Radar (SAR) sensors are valuable because they are unaffected by atmospheric 

effects and can penetrate haze, fog, cloud cover, rain, snow, dust and similar phenomena affecting 

visibility and are thus independent of any weather condition. Thus, constant coverage in repeating 

cycles with equal time intervals can be achieved. This ensures unrestricted multi-temporal analyses 

and provides the potential to enhance optical images. Furthermore, radar response is directly 

related to the dielectric properties of the reflecting material and can penetrate canopies to discover 

and determine underlying surfaces.   

Land cover mapping in complex urban environments is a challenge for several reasons as identified 

by Ban et al. (2010) and Niu and Ban (2010). The mixture of natural and man-made objects and 

their functionalities are not easy to separate. Especially in complex urban environments such as the 

study areas, the distinction between different built-up area classes, e.g. high density, low density, 

industrial, commercial or high rise is a challenge since these classes show different backscatter 

profiles, yet statistically speaking overlapping standard deviations according to own experiments. 

Another critical issue in urban areas concerns the spatial resolution. Objects considerably smaller 

than the resolution or the pixel spacing are not necessarily visible since the digital numbers of 

single pixels are a composite of all elements within the cell resolution. In that sense, smaller 

elements contribute to radar brightness or spectral values but without spectral unmixing 

(especially necessary for optical imagery), the endmembers that compose a pixel cannot be 

determined correctly (Keshava, 2003). This is but one limitation to optical sensors in urban areas. 

They are furthermore dependent on optimal weather conditions. Common fluctuations in weather 

such as rain, cloud cover, snowfall or fog affect, limit and sometimes completely inhibit the 

acquisition of optical images. Especially in urban areas and megacities, haze and smog is a severe 

adverse affect. Additionally, optical images depend on sufficient solar illumination and the spectral 

reflectance is thus dependent on the time of day. 

Recent developments in image fusion of remotely sensed data are characterized by a transition 

from rather traditional pixel based techniques towards object and decision level approaches, e.g. 



6 

 

Song et al. (2005), Ban et al. (2010) and Vu and Ban (2010). This is partly a result of newly 

developed algorithms and their implementations originating from the field of pattern recognition 

and machine learning theory. Moreover higher land-cover classification accuracies could be 

achieved by the latter approaches throughout many studies referenced in the following paragraphs. 

Problems with pixel based classification schemes such as spectral confusion, mixed pixels and 

sensitivity to noise can be overcome with object or decision based approaches (Song et al., 2005). 

Promising fusion approaches of optical and SAR data were developed and investigated in several 

studies, e.g. Ban et al. (2010) and Gómez-Chova et al. (2006), where a stacked vector approach was 

developed that performed well in distinguishing urban from non-urban features. Griffiths et al. 

(2010) overcame spectral ambiguity problems and seasonal phonological dynamics by 

incorporating both multi-temporal optical and SAR data by machine learning theory and SVM. With 

special respect to the sensors and study area, important research on ENVISAT ASAR and HJ-1 image 

fusion for urban land cover mapping was performed by Vu and Ban (2010). Their novel fusion 

approach is fully automatic, reducing time and cost and features multiple steps. Initially, radar and 

optical images are classified and segmented independently by scale-space analysis, shape analysis, 

pixel and object-based unsupervised classifications as well as histogram intersection techniques. In 

the course, a rule based approach was implemented fusing classified objects from the first steps. 

This research in particular investigates the potential of multitemporal ENVISAT ASAR and HJ-1B 

optical images for land cover mapping in rapidly changing complex urban areas.  

2.2 Object-based classification 

Object-based classification draws neighbouring pixels into account before clustering them into 

objects. Important semantic information within the image can thus be kept, whereas pixel based 

classification approaches are unable to capture semantic relationships. The mapping results thus 

represent real-world objects and overcome the limitation of the ‘salt-and-pepper’ appearance of 

pixel based classified images. Object-based methods segment the image into homogeneous pixel 

groups (objects). These are then classified according to spatial, spectral, textural, relational and 

contextual models. The defined objects instead of pixels alone are then distributed into several 

groups according to similar attributes. Object-oriented classification is particularly useful for 

feature extraction in high spatial but low spectral resolution images (Bhaskaran et al., 2010). In the 

same research, low user’s accuracies for special classes from a pixel based approach (supervised 

MLC) on IKONOS satellite data could be improved by an object oriented classification method (both 

empirical and statistical approaches). Recently, Ban et al. (2010) analyzed the fusion of Quickbird 
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MS and RADARSAT SAR data for urban land-cover mapping. Both object-based and rule-based 

approaches have proven successful in terms of land-cover classification accuracy. 

Good object-based classification results, especially with the nowadays popular SVM mirror the 

trend of ongoing transition from partially outdated and traditional pixel based methods to new and 

promising object-based classification methods (Darwish, 2003). The superiority of object-based 

methods for urban land cover classification in comparison to traditional pixel based methods has 

clearly been shown in that study. Furthermore, object-based fusion approaches propose a solution 

to the modifiable area unit problem (MAUP) which originates from sensor defined spatial units 

(pixels), since objects are defined as contextually homogeneous entities rather than arbitrarily 

defined areal units (Hay et al., 2003). Object-based approaches for urban land cover classification 

especially with SAR images using fuzzy membership functions have been widely used in image 

segmentation and are known to produce good results, e.g. Corr et al. (2003). Mas et al. (2010) 

stated that object-based image classification is recently being considered an alternative and is 

tending to replace pixel based approaches. It is also mentioned that object-based methods however 

are likely to influence and produce biases in the results of spatial analyses such as landscape 

metrics and that they are increasingly used by the remote sensing community because they 

generally lead to more accurate maps.  

One of the main problems in multisensory classification is the high dimensionality and variation in 

data thus posing a problem to traditional classifiers due to the resulting heterogeneous statistical 

distributions (Pacifici et al., 2008). SVM are able to distinguish between multi-modal classes within 

high-dimensional feature spaces (van der Linden et al., 2007). High classification accuracies up to 

90% strengthen both the suggestion of implementing SVM as classifier, and in comparison to 

considerably lower classification accuracies when only using either SAR or optical data, they 

demonstrate the potential of multi-source classification. SVM are a group of machine learning 

algorithms based on statistical learning theory that are well-known for their good performance in 

classification of high-dimensional data sets. Huang et al. (2002) give a comprehensive overview of 

SVM for land-cover classification. Optimization algorithms to delineate borders between land-cover 

classes are used. It was revealed that kernel type and kernel parameter greatly influence SVM 

performance. In comparison to other classification approaches (MLC, neural network classifiers 

(NCC) and decision tree classifiers) SVM and NCC yielded best results. SVM achieved better results 

than NCC with an increase in integrated variables. Using three or less variables, NCC provided 

better results. Nemmour and Chibani (2006) made use of a multiple combined SVM approach for 
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urban land-cover change detection and found them to be efficient. It is also mentioned that, given 

the right kernel function for the SVMs they perform better then artificial neural networks (ANN) in 

terms of accuracy and generalization. Waske and Benediktsson (2007) investigated a fusion 

approach of SVM to solve the problem of multisensor data set classification containing 

multitemporal SAR and optical imagery. This method performed better than any other tested 

methods. Regarding the choice of what SVM kernel function for land-cover classification to use, 

Kavzoglu and Colkesen (2009) give a wide-ranging overview.  

Image segmentation can be described as dividing the image in contextually meaningful objects, i.e. 

land cover classes. This is done by taking their size, shape, texture or spectral characteristics and 

spatial distribution and correlation with neighbouring objects into consideration. This ideally 

results in a sophisticated and accurate representation of the real world (Herold et al., 2002). In 

Blaschke et al. (2004), image segmentation is defined as the ‘division of an image into spatially 

continuous, disjoint and homogeneous regions’ and can further be separated into pixel, region or 

edge based segmentation methods. Pixel based segmentation methods rely on segmentation in the 

feature space and image thresholding. Regional segmentation can be further divided into region 

growing, region merging and splitting and their combinations. Edge based segmentation is based on 

edge detection and separates areas from each other by finding boundaries in between regions. 

Especially in complex urban areas, object level segmentation techniques have proven valuable in 

considering the spatial complexity during object segmentation (Blaschke and Strobel, 2001). For 

further information on state of the art segmentation of remotely sensed imagery, Blaschke et al. 

(2006) provide a comprehensive overview and give direction to further steps in image 

segmentation research. 

Specifically for the classification of SAR and optical images within urban contexts, competitive 

neural networks have been used for land cover classification (e.g. Baraldi and Parmiggiani, 1995; 

Levine and Penz, 1990; Carpenter et al. 1991; Gamba and Houshmand, 2001). Two of the most 

common techniques combining SAR and multispectral data are based on fuzzy concepts (Solaiman 

et al. 1999) which have the advantage of being able to integrate both multisensor and a priori 

information and neural networks (NN), e.g. Tzeng and Chen (2005). Song et al. (2005) developed a 

new land cover classification approach resulting in higher classification accuracies than either pixel 

or object-based classification methods could achieve. Their competitive pixel-object classification 

method is based on neural networks and image segmentation reducing spectral confusion of 

different land cover types. 
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Colditz et al. (2006) conducted a comprehensive study on the influence of image fusion approaches 

on classification accuracies. Results from seven fusion techniques and three classification methods 

(MLC, SVM and object-based classification) were compared. Their adaptive image fusion method 

(AIF) achieved the best classification results.  

Jacquin et al. (2008) assessed the ability of an object-based classification approach of urban objects 

at multiple scales for urban sprawl mapping. The findings of the research suggest a hybrid 

approach to address the specific challenge of urban spatial and spectral heterogeneity by 

combining multiscale remote sensing data in order to delineate and classify urban objects at local 

and regional scales. In a first step, the delineation of urban objects takes place at a regional scale. 

The quantification of land-cover objects is then processed automatically on a local scale as a second 

step. Except for one class, high classification accuracies (between 87% and 93%) could be achieved. 

In the context of data fusion for urban mapping, Pacifici et al. (2008) recently proposed a new three 

step algorithm based on neural networks (NN) that achieved the highest kappa coefficient (larger 

than 0.93) in comparison to other algorithms that were tested within the 2007 GRSS data fusion 

contest. Recently, Nikfal and Samadzadegan (2008) developed an automated change detection 

method with object-based classification techniques. The two-step approach first uses image 

segmentation. Secondly, classification is performed on spectral, textural and structural parameters. 

According to the authors, the method is advantageous in terms of simplicity, straightforwardness, 

cost-effectiveness and relative accuracy. 

Hu and Ban (2008) investigated the integration of SVM into object-based analysis for urban land-

cover mapping with high-resolution RADARSAT-2 ultra-fine beam SAR imagery. The approach 

resulted in high classification accuracies whilst keeping the computational cost rather low. Niu and 

Ban (2010) evaluated multitemporal RADARSAT-2 polarimetric SAR data for urban land cover-

classification. High classification accuracies and kappa coefficients demonstrated the capacity of 

SAR polarimetric features within the newly proposed hierarchical classification logic for urban 

land-cover classification. 

Wu et al. (2009) propose a new SAR segmentation method that fuses the clustering and persistence 

of Contourlet coefficients using the Hidden Markov Tree (HMT) method and Dempster-Shafer (D-S) 

theory. Effective suppression of speckle influence and superior contour representation as well as 

excellent visual performance was observed. This combination could prove valuable in SAR 

segmentation prior to fusion with optical data. Huang et al. (2009a, 2009b) investigated 
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classification and extraction of spatial and spectral features in urban areas. Although high 

resolution hyperspectral data was analyzed, multisource classification with SVM yielded good 

results. 

3. Study Area and Data Description 

The study area of this research is Beijing, the capital of China an one of the cities highly 

representative for rapid urbanization (Figure 1). The major land covers include high density built-

up and low density built-up areas, roads, airports, parks, forests, golf courses, agricultural fields and 

water. The data used in the study are five multitemporal ENVISAT ASAR alternate polarization 

(HH/VV) images dating from July to September 2008 (Table 1) and one HJ-1B CCD2 image 

(R/G/B/NIR) dating from April 2009.  

Table 1 2008 ENVISAT ASAR images over Beijing 

Satellite Mode Polarization Orbit Date 

ENVISAT ASAR APP HH/VV ascending 2008-07-15 

ENVISAT ASAR APP HH/VV ascending 2008-07-31 

ENVISAT ASAR APP HH/VV ascending 2008-09-01 

ENVISAT ASAR APP HH/VV ascending 2008-09-23 

ENVISAT ASAR APP HH/VV ascending 2008-10-09 

                                    

  

  

Figure 1 The study area Beijing 
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4. Methodology 

The following figure presents a flowchart of the complete methodology applied to the dataset: 

 

 
Figure 2 Classification scheme flowchart 

As can be seen from the flowchart above, the methodology can be separated into several processing 

blocks. The scheme as presented above was applied to 5 ENVISAT ASAR images and to one HJ-1B 

image.  The main processes within the methodology are described in the following paragraphs: 
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4.1 Radiometric calibration 

Radiometric correction of radar data is needed to account for errors and noise that are unavoidably 

introduced by the sensor system. Otherwise, the pixels (initially stored and displayed in digital 

numbers (DN)) cannot be directly related to radar backscatter. All correction factors, e.g. antenna 

pattern gain and range spreading loss are removed as an initial step prior to the calculation of radar 

brightness values. Correction factors were computed based on accurate geometric information 

obtained from a local DEM and the incidence angle array (SRTM 3Sec GeoTiff). 

4.2 Orthorectification 

Orthorectification is the process of transforming satellite images to a geographically precise form 

using mathematical models and digital elevation data. Terrain-related distortions of distances in 

the initial images and those due to sensor tilt are corrected. All SAR images were orthorectified 

according to Range Doppler Terrain Correction with orbit state vector information, radar timing 

annotations and a SRTM 3Sec GeoTiff elevation model (bilinear interpolation resampling method) 

with reference to the global WGS84 reference ellipsoid.    

4.3 Stacking, reprojection and coregistration 

All 5 ASAR images were stacked together, reprojected (WGS84) and coregistered to a Beijing-1 

reference image. The HJ-1B image was also coregistered to the Beijing-1 reference image. Elevation, 

incidence angle and HH/VV polarization bands of all images were stacked together as slave bands 

to one ASAR HH master band from 2008-07-15. The complete stack was reprojected to match the 

geographic projection (UTM zone 50) and datum (WGS84) of the Beijing-1 reference image. The 

stacked images were then precisely geocoded to the Beijing-1 image. 200 ground control points 

(GCP) were automatically selected throughout the images centred within 64x6x pixel imagettes. 

Row and column interpolation factors are 2, respectively and GCP tolerance is set to 0.5. After 

having identified sufficiently good GCPs, a second polynomial order warp function using least-

squares method is applied to mathematically model a best fit between all bands. 

4.4 Multitemporal speckle filtering 

The salt and pepper effect inherent in any SAR images can be considerably removed by application 

of speckle filters. Speckle filtering greatly affects pixel-based classification results and needs to be 

performed to achieve satisfactory classification results. In order reduce speckle analyzing 

multitemporal images, two pre-processing steps need to be performed for ensuring the 

intercomparability of all images involved. Firstly, the images needed to be calibrated in order to 
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obtain the actual σ° brightness values from digital numbers. Secondly the images need to be 

coregistered to guarantee the algorithm to compare exactly the same pixels within the kernel filter. 

Multitemporal speckle filtering is advantageous because speckle varies greatly within each single 

image. Supplementary information from multiple images helps determining the actual brightness 

values of the pixels affected by speckle in one single image. A particular pixel at the same location in 

several images is very likely to have rather similar values. However, if one or two pixels show 

unrealistically low or high values in comparison to the same and surrounding pixels in both the 

same and other images, they can be identified as speckle and smoothened out. After pre-processing, 

a 7x7 filter is suggested to be applied to the σ° or intensity images in both polarization modes. 

Multitemporal speckle filtering has not yet performed on the dataset since object-based image 

segmentation is rather unaffected by speckle since the minimum pixel threshold of meaningful 

object generation is higher than just singular pixels (in this case ten pixels). However, the further 

methodology could be applied to the filtered data and the outcomes compared. In that case, a 

multitemporal speckle filter as described above is suggested. 

The segmentations were performed on three levels on 8/32-bit ASAR images, the optical image 

alone and on their combinations, respectively.  

4.5 Scaling 

Due to the unsuitable (non-Gaussian) statistical data distribution, the data was slightly modified. 

First, a 1.5% tail trim was applied to all images in order to remove outliers, resulting in a smoother 

histogram. As a second step, the data was converted to a log scale ranging from 0 to 10. 

Furthermore, the 32-bit ASAR data was resampled to 8-bit as is suggested for segmentation. The 

optical data was kept in 8 bit. 

4.6 Multi-resolution segmentation 

Multiresolution segmentation was performed in Definiens eCognition 8 software on the HJ-1B 

image, 8- and 32-bit ASAR images and the combination of these. Empirical tests showed that the 

most meaningful segments could be generated with the following settings for all image 

combinations, respectively: 

Table 2 Segmentation settings 

 Segmentation levels shape colour compactness 

ASAR 8-/32-bit 100/50/10 0.1 0.9 0.5 

HJ-1B 100/50 0.1 0.9 0.5 
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HJ-1B + ASAR 8-/32-bit 100/50/30 0.1 0.9 0.5 

 

Segmentation on the 32-bit ASAR data alone resulted in no meaningful objects. Therefore, the 

objects generated on the 8-bit ASAR data were also used upon the 32-bit data. Resulting segments 

that were smaller than 10 pixels were merged with close objects with similar properties (region 

growing). Around 10 training segments were chosen for each class on each segmentation result, 

respectively. The mean, standard deviation, maximum difference and brightness features were 

exported for each segment. 

4.7 SVM classification  

From the exported segments were, two files were generated for each segmentation result 

respectively. One file contained all segments and their properties, the other one only the already 

classified segments and their statistics. The data was then prepared to match the requirements of 

the libsvm_3.1 data format.  Then, the RBF kernel parameters (C and γ) were iteratively determined. 

The following table depicts the best parameters for the datasets and their accuracies, describing 

how homogeneously the training segments were chosen: 

Table 3 RBF kernel parameter (C and γ) summary 

 C γ accuracy 

ASAR 8-bit 32768 0.00781250 79.3522 

ASAR 32-bit 262144 0.00390625 67.3152 

HJ-1B 32 0.12500000 84.8000 

HJ-1B + ASAR 8-bit 64 0.12500000 88.2979 

HJ-1B + ASAR 32-bit 1024 0.00390625 91.6667 

 

The Support Vector Machine was then applied to the segments resulting in the classified images. 

4.8 Post-processing 

The segments previously exported as shapefiles were loaded into ArcGIS 10.0 and combined with 

the text document from the SVM classification containing the assigned land cover class for each 

segment. The shapefiles were then converted to raster and segments belonging to the same class 

that were classified into separate classes due to their different statistics were aggregated. The 

resulting classified maps with the final nine land cover classes were then imported to PCI 

Geomatica 10.3.2 for final accuracy assessment. 
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4.9 Accuracy assessment 

For accuracy assessment of the classification results, validation sites with at least 1500 pixels per 

land cover class were chosen evenly distributed throughout the image. The complete confusion 

matrices for all five classifications are shown in the following 5 tables: 

 

Table 4 Confusion Matrix with Producer's and User's Accuracy in % for SVM classification on HJ-B 

 

    Table 5 Confusion Matrix with Producer's and User's Accuracy in % for SVM classification on ASAR 8-bit 
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Table 6 Confusion Matrix with Producer's and User's Accuracy in % for SVM classification on ASAR 32-bit 

 

 

 

Table 7 Confusion Matrix with Producer's and User's Accuracy in % for SVM classification on HJ-1B and ASAR 8-

bit 
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Table 8 Confusion Matrix with Producer's and User's Accuracy in % for SVM classification on HJ-1/B and ASAR 

32-bit 

The following figure depicts an excerpt of some validation sites: 

 

                              Figure 3 Validation site excerpt 

5. Results and Discussion 

The comparison of the numerical results is shown in the following table: 

 

                       Table 9 Accuracy assessment result comparison 
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As can be seen from the table above, the fused image using 8-bit ASAR data yields highest 

classification accuracies and kappa coefficient, closely followed by the fused image with 32-bit 

ASAR data. Segmentation and classification upon solely optical data yields still comparably high 

classification accuracies and clearly outperforms results based on ASAR data alone. The following 

figure shows some detailed views of the classified images, showing some interesting aspects, 

strengths and weaknesses of the different classifications discussed in the next section. All five 

classified maps are furthermore shown in the appendix.  

As can be seen from the detailed views, classification results vary significantly according to the 

underlying images. The synergetic use of both optical and radar data could overcome several 

limitations to singular classifications, respectively. The issue of confusion between water, golf 

course and airport within radar imagery due to the similarly low backscatter profiles could be 

significantly improved by the integration of optical data. Further confusion in mountainous areas 

due to different backscatter because of varying slope angles and orientation could also be reduced 

by optical data. Classifications integrating radar backscatter could on the other hand decrease 

unrealistically high amounts of classified airport and road structures in the optical data set. The 

confusion matrices above denote misclassifications for the so far best combination of optical and 

radar bands. Even though the classification result with both radar and optical images yields 

considerably higher classification accuracies, confusion between several classes exists. Among 

these, highest misclassification rates occur between park, forest and agricultural fields as well as 

between roads and high density built-up areas. Problems concerning separability and large 

standard deviations arise when land cover classes are composed of two or more different features, 

e.g. golf courses (green, rough, sand and water), parks (trees, lawn, water and single buildings) 

high-rise buildings (the actual buildings and larger spaces in between) and airports (buildings and 

runways/roads). Roads as line features often not broader than a single row of pixels are subject to 

large variations in digital numbers throughout the images. This can be attributed to image 

displacement due to the RMSE during image to registration. The low classification results can be 

explained by large standard deviations especially in the ASAR data and initially non-Gaussian data 

distribution throughout the whole dataset. Therefore the ranges of most classes are overlapping 

thus introducing misclassifications.  
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Figure 4 Detailed views of the original HJ-1B image and SVM optical, SVM radar and SVM fused classification 

images (top to bottom) 
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6. Conclusion 

The study demonstrates that improved land cover classifications can be achieved by using fused 

data from radar and optical sensors in comparison to each sensor alone. Segmentation results on 8-

bit logarithmically scaled radar data yield significantly better results than on 32-bit unscaled data, 

where upon no meaningful objects could be derived. Using data, from only one sensor, the optical 

HJ-1B image clearly outperforms the ASAR image. Better classification results can be achieved 

when using 32-bit ASAR than 8-bit ASAR data on the same set of segments.  
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Appendix 

 

   Figure 5 ENVISAT ASAR HH-VV-HH image from July 15th, 2008 
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Figure 6 HJ-1B CCD2 false colour composite from April 26th, 2009 
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Figure 7 SVM classification result on HJ-1B data 
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Figure 8 SVM classification result on 8-bit ENVISAT ASAR data 
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Figure 9 SVM classification result on 8-bit ENVISAT ASAR data 
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Figure 10 SVM classification result on 8-bit fused data 
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Figure 11 SVM classification result on 32-bit fused data 


