TRV 5 . 2020, 28(10)

. 160 - Computer Measurement & Control

gt 5 M A

TEHS 1671 - 4598(2020)10 - 0160 - 05

DOI:10. 16526/j. cnki. 11—4762/tp. 2020. 10. 033

FE S ES TP391 SCEEFRIRAD : A

B T 3R B & =) B9 Aii 5B B B 5 R Al 77 i

EER, ¥, LK
G Tl K% BB, R BRI 412000)

T LT HRZEB S MG LR BRI QIR 2 RRAE . 5ot BE A 5 B0 O SR RURG BEAR 0 10 R0, PRI, 3 T — e il 3 o g
G R T 2 D R BB s 638 FIREAR Y SE AaE R 2 T B S it b, XF AlexNet 38U 2 0 45 A7 ok 36 R TL . 7642 4% 504
A BB ATV — TRAL B0, [R) f TR P  0R B R (ReLL U)o 52 30 o) Ji 308 i 98 32 5 PR AR AF (9 e i 3R B, S S &t =24 0%
EEA soltmax FEEIEATAM; SR LE SRR, I B 7 R0 45 U0 S5 AR N 43 2K 5 07 T OIS T AL PEBE . HL 3L T AlexNet 45 Bl &
T 4% 43 ks B4R 5. 66 %0 LA b, HO B4 RLUF B (o L

EERE: AV R BT WE¥T: H—HeH,; KRS

Method for Lung Tumor Image Recognition Based on Deep Learning

Gao Leiming, Xiao Mansheng., Xiang Huazheng
(College of Computer, Hunan University of Technology, Zhuzhou 412000 , China)

Abstract: In view of the fact that shallow convolutional neural networks are difficult to obtain the deep features of the image and
are easy to overfit, which leads to low classification efficiency and accuracy, a deep learning recognition model for lung tumor images
is designed. Based on the use of data augmentation and transfer learning, and the improvement and promotion of the AlexNet convo-
lutional neural network, the data is subjected to a normal preprocessing before the data input of each layer of the network, while ap-
plying a linear rectification function (RelLU). Realize fast acquisition of lung tumor expression characteristics, and the output end is
classified through three fully connected layers and Softmax algorithm. The experimental outcome indicate that the proposed method a-
chieves better performance in terms of network convergence speed and classification accuracy, which is 5. 66 % higher than that based
on the AlexNet convolutional neural network, and it has good robustness.
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