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Abstract: The massive farm environment data stored in the distributed system should be dealt with so as
to provide abnormal environment reference and make preventive strategies for crop yield. Considering the
characteristics of the farm environment data, the Dirichlet Process Mixture Model (DPMM) clustering is
implemented with the farm environment data on Hadoop and the anomaly detection method of the farm
environment is proposed based on clustering analysis. Under the framework of MapReduce, Map stage
implements the distribution of the sample points to the models; Reduce stage completes the update of
models and the number of clusters. The performance has been verified by experiments. The results of
clustering and the index of suitable environment for tomato are compared to implement the anomaly
detection. The analysis results show that the method can be applied to anomaly detection of large
number of farm environment data.
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Abstract: The massive farm environment data stored in the distributed system should be dealt with so as
to provide abnormal environment reference and make preventive strategies for crop yield. Considering the
characteristics of the farm environment data, the Dirichlet Process Mixture Model (DPMM) clustering is
implemented with the farm environment data on Hadoop and the anomaly detection method of the farm
environment is proposed based on clustering analysis. Under the framework of MapReduce, Map stage
implements the distribution of the sample points to the models; Reduce stage completes the update of
models and the number of clusters. The performance has been verified by experiments. The results of
clustering and the index of suitable environment for tomato are compared to implement the anomaly
detection. The analysis results show that the method can be applied to anomaly detection of large number
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Temp (C) RH (g/m’) Date
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11.64 99.22 11-12-2014 06:45:00
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11.47 100 11-12-2014 06:55:00
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Fig. 2 Flow Chart for anomaly detection
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