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Abstract: Traditional land-use change prediction methods are usually implemented by serial algorithms or
semi-manual methods and they were often inefficient. This paper develops a parallel land-use change predic-
tion method based on cloud lomputing (Cloud-CMLP), the map reduce programming model is used to paral-
lelize and extend the cellular automata(CA)-Markov model. Taking Hangzhou as a study area, the experi-
ments are conducted as follows: D Efficiency tests are conducted to compare the core algorithms of Cloud-
CMLP under the different number of data. @ The Cloud-CMLP method is used to simulate the land-use
change in 2013, and the simulated results are compared with the 2013 remote sensing image classification
results to verify the validity of Cloud-CMLP method. @ The land-use change in 2020 is predicted and

(T4 % 1034 )



