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Abstract: The recognition and classification of marine plankton via its image can facilitate the development,
management and utilization of marine resources. According to a direct implementation of PCA or ICA fail to
separate the points in different classes in the eigenspace, we propose an algorithm for plankton recognition
combining PCA and ICA to form a multi-layer classification mechanism. An experiment on plankton samples
collected by WHOI is conducted to test the performance of our model, in which different features as well as
measures of distance are explored. The result shows that the hybrid model using coupled measure outperforms
others, and we further depict the shape of several sea planktons.
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Fig.1 Traditional procedure for plankton classification
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Fig.2 Plankton image after preprocessing
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Recognition Rate of three different measures of classification
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of PCA based algorithms
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Table 1 The highest recognition rates of different methods

Classification Metrics Max Recognition Rate

PCA + Euclidean 0.3039
PCA + Mahalanobis 0.2966
PCA + Cosine 0.2959
PCA+ L1 0.2997

ICA 0.3039

PCA ICA multi-layer 0.2971
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Table 2 Influence of the application of synthesized distance
metric to the three methods on their recognition rate

Classifier Recognition Rate
Type #feature | Single Distance  Synthesized Distance
PCA(Euclidean) 25 0.2723 0.2888
ICA 95 0.2967 0.3039
PCA+ICA 120 0.2849 0.2971
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Fig.7 overall performance of the three classification algorithms
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Fig.8 Recognition rate of difference plankton classes, using

PCA based features and the improved KNN classifier.
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Table 3 Some typical plankton

High Performance
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