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Abstract:With the continuous development of medical imaging technology,pathological identification plays an

increasingly important role in the process of medical diagnosis.Machine learning in the field of artificial intelligence can

help complete the automatic recognition of medical image diagnosis,digitally assisting the process of medical diagnosis,and

reducing the workload of medical workers.Convolutional neural network (CNN) is a very effective machine learning

method developed in recent years.It belongs to the category of deep learning.It can completely simulate the human image

recognition process,and has achieved excellent results in the field of image recognition.In this paper,the convolutional neural

network is applied to the recognition of pathological images.At the same time,the pathological images are collected,sorted

and intelligently learned.The comparative experiments of the algorithms are completed and analyzed.Finally,the optimal

recognition of pathological images is realized,the recognition rate of pathological images is improved,and the validity of the

algorithm is verified.
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Fig.1 Structural diagram of CNN
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Fig.2 Convolution process
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Fig.3 Pooling layer
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Fig.4 Fully connected layer
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4 SEIGHEHE 4T (Experimental data analysis)
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Fig.5 Normal cell image

Fig.6 Cancerous cell image
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poold=tf.layers.max_pooling2d(inputs=conv4, pool_
size=[2,2],strides=2)

rel=tf.reshape(pool4,[—1,6%6%128])

densel=tf.layers.dense(inputs=rel , units=1024, activati
on=tf.nn.relu,

kernel_initializer=tf.truncated_normal_
initializer(stddev=0.01),

kernel_regularizer=tf.contrib.layers.12_
regularizer(0.003))

dense2=tf.layers.dense(inputs=densel , units=512, activ
ation=tf.nn.relu,

kernel_initializer=tf.truncated_normal_
initializer(stddev=0.01), kernel_regularizer=tf.contrib.
layers.12_regularizer(0.003))

logits=tf.layers.dense(inputs=dense2, units=2, activatio
n=None,

kernel_initializer=tf.truncated_normal_
initializer(stddev=0.01),Kkernel_regularizer=tf.contrib.
layers.12_regularizer(0.003))
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Tab.1 Comparison of experimental results under

different algorithms
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A7 CNN DBN
Nk 89.8% 83.5%
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