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Abstract : Under the Hadoop cluster,each small file occupies a block. On the one hand,to store massive metadata information consumes
a lot of NameNode memory ;on the other hand,Hadoop starts a Map task for each small file,spending a lot of time on startup and shut-
down Map tasks, which severely reduces the execution speed of the MapReduce. In view of this,on the basis of analysis of several exist-
ing solutions, we use CFIF abstract class to package multiple small files into a big split, for each big split only start a Map task to per-
form. By reducing the number of Map tasks, we improve the efficiency when dealing with massive small files. Through designing the
Hadoop image interface class,we inherit and implement CFIF abstract class for final completion of the processing of large image small
files. The comparison between CFIF and conventional HDFS ,HAR and MapFile solutions in the NameNode memory usage rate and oper-
ating efficiency shows that the CFIF performs well.
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