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Tab.l1 Imaging parameters of CHRIS
(nm) (m) (km®)
1 406~1003 62 34 14x14
2 406~1036 18 17 14x14
3 438~1035 18 17 14x14
4 486~796 18 17 14x14
5 438~1036 37 17 14x7
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Fig.2 Object interpretation map combined with field survey
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Fig.3 Classification results and ROI of supervised classification algorithms
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R2 BESEEER PAF OA
Tab.2 PA and OA of the supervised classification algorithms

R

. H@ARWCLE

OA
ML 89.62 73.55 69.33 90.20 48.90 55.23 85.10
MD 62.09 76.59 82.39 47.29 85.21 69.22 59.66
Mad 75.08 80.36 79.59 55.32 88.65 72.88 67.54
SAM 62.54 76.65 76.87 44.37 77.06 69.65 57.72
SID 61.39 76.01 59.35 51.34 73.55 63.78 57.62
BE 78.43 73.66 65.99 67.85 48.27 45.04 70.87
SVM 85.75 76.98 75.88 86.17 49.68 53.86 83.08
ANN 87.25 77.43 81.12 83.16 57.54 55.91 83.19
R3 WESEEER UAFKC
Tab.3 UA and KC of the supervised classification algorithms
Kappa
ML 85.17 94.42 96.96 84.60 30.48 57.76 0.77
MD 94.55 27.85 80.44 95.40 3.77 17.52 0.49
Mad 94.17 42.95 84.82 91.18 4.18 28.51 0.58
SAM 95.08 28.68 91.28 84.66 3.23 16.58 0.47
SID 94.61 23.79 96.56 85.17 3.44 15.28 0.46
BE 88.97 26.10 95.12 89.42 4.32 25.70 0.60
SVM 89.11 74.79 92.14 87.31 10.22 37.92 0.75
ANN 88.27 62.71 89.96 90.87 10.63 44.35 0.76

Fig.4 Classification results of strategy [

Fig.5 Classification results of strategy II

Marine Sciences / Vol. 39, No. 2 /2015

UARES

4 1

UAK

5 2

PA+UAR%

PA+UAT S

11



F 4 REFEE ML 8 OA 1 KC Lbig

Tab.4 OA and KC comparison between decision-level data fusion algorithm and ML
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Fig.6 Classification results of strategy III

PA UA PA+UA ML
1 OA 85.20 85.86 86.41 85.10
KC 0.78 0.78 0.80 0.77
) OA 85.20 85.96 86.41 85.10
KC 0.78 0.79 0.80 0.77
3 OA 88.13 87.37 88.81 85.10
KC 0.80 0.81 0.82 0.77
x5 JHERKMEDERBPRIAREFE LR PA 1 UA
Tab.5 PA and UA of optimal algorithm in three decision-level data fusion classification strategy
| PA 89.51 73.55 81.68 88.60 49.47 49.06
UA 86.04 94.42 89.86 88.94 17.97 59.99
) PA 89.51 73.55 81.68 88.60 49.47 51.01
UA 86.04 94.42 89.86 88.94 18.49 60.25
3 PA 89.62 77.28 80.74 86.26 48.90 55.10
UA 85.17 63.59 91.48 89.53 30.24 57.93
1 )
, OA KC 8 2 1 , 2
, OA 86.41%, UA OA KC ,
1.3%~28.8%, Kappa 0.80, 0.03~0.31; 1
8 ML 1 3 OA 88.13% 87.37%
PA+UA R 88.81%, KC 0.80 0.81 0.82,
, PA UA , OA
7; PA UA 3.7%~31.2%; R 3

S

Fig.7 Breaking speckle removed by decision-level data fusion algorithm
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Research on decision-level data fusion classification method
for CHRIS hyperspectral imagery
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Abstract: In this paper, three groups of strategies of decision-level data fusion classification are designed using
eight classical remote sensing image supervised classification algorithms and the dint of vote method and priori
classification probability information. On the base of classification experiment of CHRIS hyperspectral image lo-
cating in Yellow River Estuary wetland, the influence on the overall accuracy or the accuracy of each object with
different decision-level data fusion classification algorithm for hyperspectral image are analyzed, and the main
conclusions are given below: (1) All the overall accuracies and Kappa coefficients of three groups strategies of de-
cision-level data fusion classification are greater than 85% and 0.77, respectively, and they are superior to eight
classical supervised classifiers. It shows that decision-level data fusion is an effective method for improving hy-
perspectral image classification accuracy base on the existing resources of classifier. (2) Classification accuracy of
strategy III has the best performance, and the producer accuracy and user accuracy of phragmites austrialis and tidal
flat are both close to 90%, while those of water are improved significantly with an increase of 11%. It indicates that
reducing commission error can improve classification accuracy in maintaining minimum false alarm rate. (3) For all
strategies of decision-level data fusion classification, the classification accuracy is maximal in the case of consid-
ering producer accuracy and user accuracy simultaneously. Compared with the cases of considering producer or
user accuracy only, the overall accuracies increase 1%~2%. It shows that reducing commission error and omission

error should be emphasized all together when the decision-level data fusion algorithm is designed.
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