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Tab. 2 Comparison of the effects of each model

i W2/ % B/ % Z 4 /MB U s R /s
MobileNetV3 77.3 72.3 17 0. 032
GhostNet 74.6 68. 2 15 0.032
VGG16_FT 82.3 77.3 59 0. 079
Bilinear-CNN 85. 6 80. 2 58 0.079
ResNet18_FT 86. 7 82.6 44 0.053
DenseNet121_FT 87. 4 84.5 33 0. 046
VGG16_DFL 86. 3 82.3 57 0. 059
ChexNet 90. 1 88.7 33 0. 047
NSRS 95. 6 93. 4 27 0. 039
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Fine-Grained Pneumonia Recognition Method

YANG Jiezhi, TANG Wanmei, PI Jiatian, WANG Jianliang
(School of Computer and Information Science, Chongqing Normal University, Chongqing 401331, China)

Abstract: [ Purposes | Aiming at the problems of uneven distribution of data sets, small numbers, and small differences between
categories in pneumonia identification cases. [ Methods ] A pneumonia identification method is proposed based on the convolutional
neural network discriminant module. First, the backbone of the network is a pre-trained 121-layer DenseNet network, and the
relevant parameters are frozen to solve the problem of low data volume by means of transfer learning, and then a set of additional
convolution filters are defined in the middle layer of the network. The group filter can capture the high signal area between the
categories without the need for additional border annotations, so as to solve the problem of small sample differences between the
categories in pneumonia recognition; finally define the loss function of the network as FocallLoss to solve the number of data sets of
the problem of uneven distribution. [ Findings ] The proposed method is tested on the Chest-X-Ray Image dataset. The experimental
results show that the accuracy of the method has reached 95% , which is 10% higher than the traditional transfer learning, and is
lighter than the non-transfer learning. Convolutional neural networks have generally increased by 20%. [ Conclusions | This method
can determine whether there is pneumonia based on lung X-rays and locate the infected area.

Keywords: computer vision; convolutional neural network; pneumonia recognition; fine-grained recognition; transfer learning;

FocallLoss
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Fig. 5 High information area in the dragonfly dataset
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Fig. 7 Confusion matrix of test results under different losses Fig. 8 Odonata recognition GUI

( BEIE3C10401 )

a  JWERIEINZE A I XO L A

£

’A ".
£ M
9

b A
B3 G-Module®[#1 4L B4 6 DenseNetLayer/5221d 1 <1 H R EHI4FEE

Fig. 3 G-Module visualization Fig. 4 Feature map after 1x1 convolution after the 6th DenseNetLayer



