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Abstract

Due to the rise and rapid development of computer technology and artificial intelligence, new
technologies such as image processing and computer vision are beginning to be applied to the
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field of medical diagnosis. Traditional diagnostic methods of diabetic retinopathy (DR) are greatly
affected by the uneven distribution of medical resources and doctors’ personal subjective factors.
In addition, the diagnostic process takes a long time. Based on the deep learning and neural net-
work, this paper searches for the best way to predict the presence of lesions in the retina or mild,
high-grade, severe, or value-added disease. By studying the classic neural network model, we look
for a diagnostic method for the degree of diabetic retinopathy based on deep learning intelligent
algorithm, and build a local PC-side visualization interface and physical display module, so that it
has the advantages of easy operation and high popularity, realizes the preliminary prediction of
diabetic retinopathy, and assists doctors in diagnosis and treatment.
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Figure 1. Basic neurons
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Figure 2. Structure of convolutional neural networks
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Figure 3. An example of a convolutional neural network
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Figure 4. The process of two-dimensional convolution
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Figure 5. Function image of Sigmoid
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Figure 7. Function image of ReLu
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Figure 10. Residual learning units
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Figure 11. Residual path
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Figure 13. Comparison of three network structures
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Figure 14. (a) Original image, (b) Image rotation, (c) Increased image contrast, (d) Image random clipping
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Table 1. Experimental environment and configuration
1 XWMERRE

SEUGIAEE fic &
RS Windows11
CPU Intel CORE i5 9" Gen
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IFEES Python3.7
3.2.4. SRR
K 15,
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Figure 15. Loss rate and accuracy curve of ResNet50
B 15. ResNet50 #5i5k = 5 i R 20 (L ph 2k [E]
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T EANEEE T channel AN 174, B8 S ANAEREZ BT SR channel fREF—2, 43 2 B4 B AE 4 T
JE GG HRFAEAE R (R4 channel 204 H B AR A, U BRI TROR OALE, ez /. R & 17 fr

N SR HPPEI AR — channel 22— ME, AEAR SN SEREZ G RIEERERHH, £
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Mobilenet V2: bottleneck with residual

B #rBlock

LI \SEAER

2. T RS R = q
Hstride == 1

input c==output ¢

745 shortcutiZE 2

Mobilenet V3 block

5.3. Large squeeze-and-excite

],Pool
FC FC

In [43], the size of the squeeze-and-excite bottleneck
was relative the size of the convolutional bottleneck. In=
stead, we replace them all to fixed to be 1/4 of the numk>r
of channels in expansion layer. We find that doing s * -
creases the accuracy, at the modest increase of number of
parameters, and no discernible latency cost.

Figure 16. The renewal of the MobileNetV3
16. MobileNetV3 HIE £
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Figure 17. Squeeze-and-excitation network
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EZFEH T — AN h-swish 3805 R 2. BT swish /& x Zfe_I- sigmoid, # h-swish /& x 7¢_I- h-sigmoid.
h-sigmoid & &1 5 A X+ 5K

H-sigmoid = ReLU6(x +3)/6 (®)

Hrh ReLu6(x) = min(max(x,0),6) .
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Figure 18. Loss rate and accuracy curve of MobileNetV3
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Figure 19. The results of the first test
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Figure 20. The results of the second test
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Figure 22. The classification grade was 2; corresponding to the predicted severity of the disease is moderate
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Figure 23. The classification grade was 3; corresponding to the predicted severity of the disease is severe
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