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Decision Level Fusion of Multifrequency Polarimetric SAR Data Using
Target Decomposition based Features and a Probabilistic Ratio Model

No-Wook Park ' and Kwang-Hoon Chi

Geoscience Information Center, Korea Institute of Geoscience and Mineral Resources

Abstract : This paper investigates the effects of the fusion of multifrequency (C and L bands)
polarimetric SAR data in land-cover classification. NASA JPL AIRSAR C and L bands data were used
to supervised classification in an agricultural area to simulate the integration of ALOS PALSAR and
Radarsat-2 SAR data to be available. Several scattering features derived from target decomposition
based on eigen value/vector analysis were used as input for a support vector machines classifier and
then the posteriori probabilities for each frequency SAR data were integrated by applying a probabilistic
ratio model as a decision level fusion methodology. From the case study results, L band data had the
proper amount of penetration power and showed better classification accuracy improvement (about
22%) over C band data which did not have enough penetration. When all frequency data were fused for
the classification, a significant improvement of about 10% in overall classification accuracy was
achieved thanks to an increase of discrimination capability for each class, compared with the case of L
band SAR data.

Key Words : Polarimetric SAR data, Target decomposition, Decision level fusion.
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Fig. 1. Schematic flow chart for decision-level fusion of C and L bands polarimetric SAR data.
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Fig. 3. C band SPANimage (left) and L band SPAN image (right).
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Table 1. The number of pixels in training and reference sets.

Class Training Set Reference Set
Stem Beans 2940 3059
Potatoes 5784 4601
Lucerne 3230 2124
Wheat 15369 13212
Beet 2295 2062
Rape Seed 7219 6000
Peas 3392 3099
Forest 4891 6461
Grass 1919 1406
Bare Soil 1800 2411
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Fig. 5. H scattering mechanism identification plane (a). Segmentation results in the H- space for (b) C band and (c) L band.

Table 2. Dominant H segmentation resutt of each land-cover dass.

Class—Data C-band L-band
Stem Beans | C2 (Anisotropic needle)| C5 (Vegetation)
Potatoes | C6 (Rough surface) C6 (Rough surface)
C5 (Vegetation) .
Lucerne C6 (Rough surface) C5 (Vegetation)
CS5 (Vegetation)
Wheat C6 (Rough surface) C6 (Rough surface)
Beet C6 (Rough surface) C6 (Rough surface)
Rape Seed | C6 (Rough surface) C6 (Rough surface)
Peas C6 (Rough surface) C6 (Rough surface)
C2 (Anisotropic needle)
Forest C5 (Vegetation) C2 (Anisotropic needle)
C6 (Rough surface)
C2 (Anisotropic needle)
Grass C5 (Vegetation) C6 (Rough surface)
Bare Soil | C9 (Bragg surface) C9 (Bragg surface)
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Fig. 7. Classification result, (a) C band, (b) L band, (c) fusion. Water areas are masked out.
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Table 3. Percent classification accuracy statistics.

EH

C band L band Fusion
Overall accuracy 66.32 88.00 9721
Average accuracy 65.70 85.53 97.36
Stem Beans 4722 95.00 98.93
Potatoes 62.31 92.76 97.06
Lucerne 36.44 88.49 96.01
Wheat 87.03 9277 98.67
Beet 3359 82.11 97.75
Rape Seed 80.37 87.45 93.48
Peas 65.08 73.99 94.96
Forest 4995 9349 96.77
Grass 95.77 49.45 99.98
Bare Soil 99.22 99.75 99.96
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