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Abstract. To solve the problem of face recognition under unlimited conditions,a simple network structure named In-
ception Module Incorporated Siamese Convolutional Neural Networks (IMISCNN) was designed, which was suitable for
small-scale data sets. On the basis of making full use of the Siamese structure to effectively reduce external interference and
avoid over-fitting , inception module was incorporated to the Siamese network to extract richer features. Furthermore ,a cycli-
cal learning rate strategy was adopted to accelerate the convergence of the model. Simulation results on the CASIA-webface
and Extended Yale B standard face database showed that the recognition accuracy of IMISCNN was significantly improved

compared with other face recognition algorithms.
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