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Cell recognition based on convolutional neural network
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Abstract: We introduce a strategy for cell recognition by combining the convolutional neural network (CNN) algorithm with
the theory of deep learning. Compared with the conventional cell recognition algorithms, the CNN-based cell recognition
simplified the cell recognition processes and achieved a higher recognition rate. Due to the complexity of network and large
sample size of the training set, the depth of the CNN algorithm was much greater than that of such conventional machine
learning algorithms as the multi-layer perceptron, support vector machine, and decision tree. Compared with the conventional
methods that required manual extraction of the features, CNN algorithm allowed better expression of the features and
differential recognition of the cells to achieve a better classification result. The results of the experiment demonstrated that the
CNN algorithm can be effectively applied in cell recognition.
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Fig.1 Traditional cell recognition algorithm process
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Fig.2 Process of cell recognition algorithm combined with

deep learning
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Fig.6 Convolution layer and maximum pooling layer
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Tab.1 CNN structure parameters

Item Map Filter size
Input RGB 3*¥50*50
Convl 16*48%48 3*3
Maximum pooling 16*24*24 2*2
Conv2 16%22%22 3*3
Maximum pooling 16*%11*11 2%2
Conv3 16*10*10 2%2
FC
Maximum pooling 16*5%*5 2%*2
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Fig.7 Full connection layer and output layer
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Tab.2 CNN cell recognition results

Cell type Number of correct identification Number of false identification Correct rate Recall rate  F value
Red cell 483 23 0.955 0.966 0.96
White cell 471 49 0.906 0.942 0.92
Sperm 479 28 0.945 0.945 0.95

Correct rate=Number of correct identification/Total number of identification; Recall rate=Number of correct identification/Total

number of individuals in test set; F value=Correct rate * Recall rate * 2/(Correct rate + Recall rate)
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Tab.3 Identification accuracy of red blood cells, white blood cells

and sperms
Algorithm Red blood cells White blood cells Sperms
MLP 0.912 0.891 -
SVM 0.941 0.825 -
DT - - 0.950
CNN 0.955 0.906 0.945

MLP: Multi-layer perceptron; SVM: Support vector machine;

DT: Decision tree
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