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Grassland Classification Based on THS Transformation and Mean Shift Algorithm
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Abstract: In order to estimate grassland biomass efficiently,a method is needed to improve grassland classi-

fication accuracy and reduce data processing time. Firstly,IHS transform was adopted based on the original

RGB image,then the green band image was fused,and finally the fused image was classified by mean shift

algorithm. Compared with many classification methods, the results showed that 1) the grassland classifica-

tion based on THS image was more consistent with the actual features visually. 2) Compared with other

methods in literature, this method had superior performance with the accuracy of more than 95%. 3) It

could process multiple images in batch,which greatly improved the data processing efficiency.
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Table 2 Grassland recognition accuracy

FETT 5 S B T B TP FP FN PEN IR S RS
YDO1 21.9 20. 3 19. 4 0.9 2.5 0. 886 0.956
YD02 26.6 24.5 23.7 0.8 2.9 0.891 0.967
YD03 29.8 33.2 29.1 4.1 0.7 0.977 0.877
YDO04 41.6 40. 4 38.5 1.9 3.1 0.925 0.953
YD05 47.7 49.2 47.3 1.9 0.4 0.992 0.961
YD06 38.7 36.9 35.8 1.1 2.9 0.925 0.970
YDO07 46.3 47.5 45.4 2.1 0.9 0.981 0.956
YD08 25.8 23.9 22.6 1.3 3.2 0. 876 0.946
YD09 26.8 27.3 26. 1 1.2 0.7 0.974 0.956
YD10 27.7 28. 2 26.8 1.4 0.9 0. 968 0. 950
Ait 332.9 331. 4 314.7 16.7 18.2 0. 945 0. 950
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Table 3 Comparison between this research method and conventional Mean shift algorithm
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T FLIA T FEN S M 5 P FLIA PEN S RS
YDo01 21.9 20.3 19.4 0. 886 0. 956 20.1 18.4 0. 840 0.915
YDo02 26. 6 24.5 23.7 0.891 0.967 23.5 21.7 0. 816 0.923
YDO03 29.8 33.2 29.1 0.977 0.877 33.5 27.1 0.909 0. 809
YD04 41.6 40. 4 38.5 0.925 0.953 40. 1 37.8 0.909 0.943
YDO05 47.7 49.2 47.3 0.992 0.961 45.1 42.3 0. 887 0.938
YDO06 38.7 36.9 35.8 0.925 0.970 35.9 34.8 0. 899 0.969
YDo7 46. 3 47.5 45.4 0.981 0. 956 47.5 44,4 0.959 0.935
YDO08 25.8 23.9 22.6 0.876 0. 946 23.9 22.1 0. 857 0.925
YD09 26. 8 27.3 26.1 0.974 0. 956 29.3 24.1 0. 899 0.823
YD10 27.7 28.2 26.8 0.968 0. 950 31.2 23.8 0. 859 0.763
Ait 332.9 331.4 314.7 0. 945 0. 950 330.1 296.5 0.891 0. 898
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Table 4 Comparison of accuracy of different identification methods

Method PO B AR AR R F

EN AR 331.4 314.7  0.945  0.950  0.947
Mean shift 77 & 330. 1 296.5 0.891  0.898  0.894
XA A K 7 ik 324.7 283.2 0.851 0.872 0.861
k-means J7 1% 357 301 0.904  0.843  0.873
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