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model.add(Activation('relu’))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Convolution2D(64, 3, 3, border_mode="same’))
model.add(Activation('relu’))
model.add(MaxPooling2D(pool_size=(2, 2)}))
model.add(Convolution2D(128, 3, 3))
model.add(Activation('relu’))
model.add(MaxPooling2D(pool_size=(2, 2)))
model.add(Convolution2D(2586, 3, 3))
model.add(Activation('relu’))
model.add(MaxPooling2D(paol_size=(2, 2)))
model.add(Flatten())
model.add(Dense(1024))
model.add(Activation('relu’))
model.add(Dropout(0.5))
model.add(Dense(256))
model.add(Activation('relu’))
model.add(Dropout(0.5))
model.add(Dense(self.nb_classes))
model.add(Activation('softmax'))
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M-SBR n-SBR Rnd
CAF2 753 767 880
C4AF3 744 717 880
CAF4 863 812 880
CA4AF5 880 766 880
CAF6 878 823 880
CAF7 878 741 880
CAF8 878 833 880
CAF9 880 542 880
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