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Abstract: A novel algorithm (hyperparameter optimization based TransCNN, Deho-TransCNN) for fundus image
classification is proposed to solve the problems of the multiple parameters, randomness and long training time in deep
learning model, overlapping lesions in fundus images, and uneven samples in data sets. Based on TransCNN model, the
algorithm uses differential evolution algorithm to initialize the weight of model network, combines the hyperparameters to
achieve adaptive optimization, and complete the fundus image multi-classification using MEB-KSVM. The experimental
results show that the proposed algorithm has an accuracy, sensitivity, specificity and AUC value of 0.947, 0.926, 0.937 and
0.945 for image multi-classification, with average improvements of 5.6%, 6.4%, 5.1% and 7.9% as compared with the other 9
traditional algorithms. The average detection time of the proposed algorithm is 158.3% lower than that of the optimal CNN.
The improved algorithm can enhance the performance of image multi-classification, reduce the time required for image
detection, and has certain generalization ability for image multi-classification.
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Figure 1 Basic structure of TransCNN
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Figure 4 TransCNN based on differential evolution
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Figure 5 Retinal images after data augmentation
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Figure 6 Data preprocessing comparison
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Figure 7 Data set samples
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Table 3 DR severity scale
s RIGRR R YIgRgEAK ARk
0 No DR 1IEH 5773 1443
1 Mild L35S 1254 314
2 Moderate TR 3136 784
3 Severe JUHE 662 166
4 Proliferate. DR 45 % 864 216

3.2 KBRS
3.2.1 WO EERR R HIERE R (Ace) \AUC, R 5
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TP + TN

Acc = (28)
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TP
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ensitivity = ———— (29)
TN
Specificity = 30
pecificity = ———— (30)

Horp TP Ry Fii 22 745 DR %) DR IR JiE B 5 &, FP Ny

T 5 A DR A IE IR G S SR TN S T ok &
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HRRC B 5ka . Forh fBf DR AL 46 4 8022
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16 B & Deho-TransCNN 32 17485 B 1| 25 | (i )
Sensitivity . Specicity . Acc . AUC FIF-FIRM i[RI 153
Br, i 5 xR 5 AT A, Acc .AUC . Sensitivity |
Specicity . P-4k I isf 18] 79 285 S 7% 4 4 Deho-Tran-
SCNN, 731134 0.947 .0.945 .0.926 .0.937,1.2 s, Bk
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Figure 8 Variation of loss with number of optimizations
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Table 4 Optimal hyperparameter combination for TransCNN

B HfH
Rk 0.001
2 ) R IR le-6
ElRTiw AN 32
U IS (URTISR 512
4% 1% )2 1) Dropout 0.5
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Table 5 Performance analysis of different algorithms

FR Y Acc AUC  Sensitivity ~ Specicity A&l i) /s
Mkmi-Graph 0.907 0.861 0.876 0.902 8.9
W-GLBP 0.888 0.884 0.897 0.893 10.3
etk CNN 0.938 0.901 0.884 0914 3.1
ResNet50 0.803 0.837 0.793 0.894 15.9
M2CNN 0.917 0.845 0.904 0.929 13.8
BNnet 0.861 0.794 0.832 0.785 18.8
mResNext 0.913 0.925 0.891 0.897 10.3
SEC-UNet 0.924 0.916 0.849 0.921 5.9
VGG-16 0.916 0.918 0.905 0.887 15.7
Deho-TransCNN 0.947 0.945 0.926 0.937 1.2
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Figure 9 Five—category AUC-ROC analyses of Deho—TransCNN
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Figure 12 Loss analyses of TransCNN and the improved algorithm

B, Rtk SR A R R PR P R ARG i ] AT BOR
FETE s AESEBR R, B 1 AT ARE AR L) R it i
FEBCIRSN A SR LA — % fie ik, BEAE— € TR
B L AT DRI WA, S8R R, AR
BAESEENMEERD, FERSVR D, TIRER
R L T HR R AT A5 20 350 -5 A I v g Bk 512 B
[HF =18

[5% k]

(1] F=&, oo, Rk, F. B RRES R G T RHE] EF%
&, 2016, 22(18): 3625-3628.

Li YC, Shi YJ, Zhang H, et al. The recent advances in the treatment
of diabetic heart disease[ J ]. Medical Recapitulate, 2016, 22(18): 3625-
3628.

(2] BME, FMER, ¥ =, 5. B RIBAILI B 09 Z R AU B 2h 4 T FAF
U E[T]. B 532 8 4R, 2020, 36(4): 491-495.

Gao Y, Sun GB, Luo Y, et al. Research progress on the pathogenesis
of diabetic retinopathy and pharmacological interventions[J]. Chinese
Journal of Pharmacology, 2020, 36(4): 491-495.

(3] fAak, §mb, Mais, 5. 54 % 705 T 4948 FoRAL M A Z
Bi[J].F B AR A FIR, 2018, 23(4): 552-563.

Ren FL, Cao P, Yang JZ, et al. Multi-kernel multi-instance learning
based diabetic retinopathy diagnosis [J]. Journal of Image and
Graphics, 2018, 23(4): 552-563.

[4] KRR, ROUAR, 37038, 5. A T ko A 38569 OCT B4
AEFRBCLE[T]. R AR, 2021, 47(1): 72-79.

Zhang CX, Chen MH, Gao NJ, et al. Feature extraction algorithm of
OCT image based on wavelet decomposition pyramid[J]. Optical
Technique, 2021, 47(1): 72-79.

[5] Wan SH, Liang Y, Zhang Y. Deep convolutional neural networks for
diabetic retinopathy detection by image classification[J]. Comput
Electr Eng, 2018, 72(7): 274-282.

[6] Sunil S, Saumil M, Anupam S. An intelligible deep convolution neural
network based approach for classification of diabetic retinopathy[J].
Bio-Algorithms Med-S, 2018, 14(2): 13.

[7] ZhouXK, Gu Z, Liu W, et al. Multi-cell multi-task convolutional neural
networks for diabetic retinopathy grading[J]. Conf IEEE Eng Med
Biol Soc, 2018: 2724-2727.

[8] Zhang J, Xie BW, Wu X, et al. Classification of diabetic retinopathy
severity in fundus images with DenseNet121 and ResNet50[J]. arXiv
preprint arXiv: 2108. 08473, 2021.

(9] Zs, AAIEE, X 25 AR EALM B EAR 0 KL 5 T o £ 7 ik
[J]. + B A £ B4R, 2018, 23(10): 1594-1603.

Li Q, Bai ZY, Liu YF. Automated classification of diabetic retinal
images by using deep learning method [J]. Journal of Image and
Graphics, 2018, 23(10): 1594-1603.



- 682 -

N e

5540 %:

[10] Z4F02, R F . % RULRJE CNN 6948 R R AL M s & 4 % [1].
AL T A2 5 %4t 2020, 41(11): 3229-3234.

Li XY, Zhu XJ. Classification of diabetic retinopathy with multi-scale
depth CNN[J]. Conputer Engineering and Desing, 2020, 41(11): 3229-
3234.

(1] 3haaR, 3 For, skaksd, 5 R TIRAF 3 6948 Rsm Al M iim 2 5
By ik [T]. ok B b e T F &, 2020, 57(24): 359-366.

Sun YC, Liu YH, Zhang DF, et al. Diagnosis method of diabetic
retinopathy based on deep learning [J]. Laser & Optoelectronics
Progress, 2020, 57(24): 359-366.

[12] ek, 2 & 5, skak, . — AR TR S T A M IR % B AR IR
&[], A SEAUE A 5 B4, 2021, 38(1): 179-185.

Lian XF, Liu ZY, Zhang L, et al. A retinopathy image recognition
method based on deep learning [J]. Computer Applictions and
Software, 2021, 38(1): 179-185.

[13]#F45 5, 182, 2546, % . i83E SEC-UNet #7531 42 SRR AL F

JBE % 2 BRR, OCT B AR L2 [ J/OL ). A 55 At dh 70 ikt e,
2022, 38(1): 179-185.
Xu XC, Chen JY, Wang XH, et al. Precise segmentation of choroid
layer in diabetic retinopathy fundus OCT images by using SEC-UNet
[J/OL]. Progress in Biochemistry and Biophysics, 2022, 38(1): 179-
185.

[14] Liu Y, Sun GL, Qiu Y, et al. Transformer in convolutional neural
network[ J]. arXiv preprint arXiv: 2106. 03180, 2021.

[15] Vaswani A, Shazeer N, Parmar N, et al. Attention is all you need[J].
arXiv preprint arXiv: 1706. 03762, 2017.

[16] Cordonnier JB, Loukas A, Jaggi M. On the relationship between self-
attention and convolutional layers[J]. arXiv preprint arXiv: 1911.
03584, 2019, 2020.

[17] THS%, T . 258k mR [J]. 476 A %541, 2017, 12(4):
431-442.

Ding QF, Yin XY. Research survey of differential evolution algorithms
[J]. CAAI Transactions on Intelligent Systems, 2017, 12(4): 431-442.

(18] SR AR, &% & . R T 2 o iAo flak b ab 2 M s izt (1], £ %
I8 R IR B R AFR), 2022, 39(1): 79-89.

Zou DC, Bai FS. Optimal neural network design based on the
differential evolution algorithm [J]. Journal of Chongging Normal

University (Natural Science), 2022, 39(1): 79-89.

[19] Qing A. A parametric study on differential evolution based on
benchmark electromagnetic inverse scattering problem [C]. IEEE
CEC, 2007: 293-298.

[20] Sandler M, Howard A, Zhu ML, et al. MobileNetV2: inverted residuals
and linear bottlenecks[J]. CVPR, 2018.

[21] #3, B e, BFH, 5. K THRA S IR R B EAE3 7 %
[J). 3+ FALR 8, 2019, 39(10): 2905-2914.

Xu 'Y, Feng MR, Pi JT, et al. Remote sensing image segmentation
method based on deep learning model [J]. Journal of Computer
Applications, 2019, 39(10): 2905-2914.

[22] Xiao X, Yan M, Basodi S, et al. Efficient hyperparameter optimization
in deep learning using a variable length genetic algorithm[J]. arXiv
preprint arXiv: 2006. 12703, 2020.

[23] 7k, e JEpe E T Q-learning 8974 22 M 2448 S EA[ C 1Y/
% 40 & P B4z H) Ak IR (15). 2021: 759-764.

Qi X, Zhao LL, Ban XJ. Hyper-parameter optimization of neural
networks using Q-learning [ C ]//Proceedings of the 40th Chinese
Control Conference. 2021: 759-764.

[24] 43, 7r 4 45, B & . 2k T MEB 4= SVM 75 ik a4 1 31 - K AR 52 [T ).
IS K S I8 RAFER), 2022, 40(1): 57-67.

Yang D, Fang YX, Zhou Y. New category classifiaction research based
on MEB and SVM methods[J . Journal of Guangxi Normal University
(Natural Science Edition), 2022, 40(1): 57-67.

[25] T, RuER, REMR, 5. A TRBFAM % 5 K SVM B 5§ A 4
AR ] B & A SR, 2022, 32(3): 194-200.

Ding Q, Zhao XD, Wu X1, et al. Landslide susceptibility assessment
model based on multi-class SVM with RBF kernel[J]. China Safety
Science Journal, 2022, 32(3): 194-200.

[26 ] A% 5 2y K T AR 1845 8 8 Ak i AL ) JEEos 7 400 B 14 T 2
ARHBE[D]. s AR & AR5, 2021
Zhao XG. Research on key technologies for auxiliary diagnosis of
diabetic-induced retinopathy based on fundus images[ D ]. Chengdu:
University of Electronic Science and Technology, 2021.

[27] Flaxel CJ, Adelman RA, Bailey ST, et al. Diabetic retinopathy
preferred practice pattern[ J |. Ophthalmology, 2020, 127(1): 66-145.

(%4 TR )



	Intensity-modulated radiotherapy planning for breast cancer based on two-layer perceptron neural network
	LIU Weikun, ZHOU Linghong

	Analysis of effects of CT slice thickness on target dose distribution in Cyberknife radiotherapy using chest phantom
	ZHAO Rui1, CAO Yangsen2, GAO Xingxin1, WANG Zhenyue1, LI Sha1, TIAN Zhongze1 

	Eye fundus image classification using hyperparameter optimization based TransCNN
	WANG Xiaofang1, YU Kexin2, WANG Zhangyi2, WANG Jianhua2, WANG Jing3, MU Nan4

	Multimodal fusion of PET-CT for semantic image segmentation: a review
	ZHOU Xinhong1, HUANG Gang2

	Fully convolutional neural network based algorithm for low-dose CT image denoising
	HONG Qifan1, XUAN Zuxing2, LI Yaxin1

	Liver segmentation algorithm based on conditional parametric attention network
	ZHAO Haohui1, GAO Yongbin1, YANG Shuqun1, HU Xiaojun2, FAN Yingfang3

	Predictive value of 3D-PDI parameters for pregnancy outcomes after in vitro fertilization-embryo transfer
	Adaptive impedance control of dual-arm surgical robot based on disturbance observer
	LI Guoqi, HU Zhi, CHEN Ziyu, SUN Liyan

	A dual-band wideband patch antenna for intracranial hemorrhage detection
	BAI Zelin1, DENG Huangsen1, LI Haocheng2, CHEN Haojia3, CHEN Mingsheng1

	Stable brain network pattern for EEG-based emotion recognition
	WU Yanze1, WANG Hailing1, GAO Yufei2

	Characteristics of cochlear implant speech processing strategies based on signal energy selection
	CHEN Yousheng, CAO Xuemei, WANG Geng 

	KPCA-based continuous motion estimation of knee joint in multiple motion modes
	ZHANG Jianhua1, WANG Hao1, LI Kexiang1, 2, WANG Chang1, 2

	Effects of microgravity on osteoblast differentiation: a review
	LIU Xiaolong1, CHEN Yi1, MA Ming1, JIA Gengxin1, GENG Bin2, XIA Yayi2

	Effect of continuous passive motion combined with intermittent pneumatic compression on functional recovery of patients after total knee arthroplasty
	TU Xuezhao, HUANG Zhenhuan, XIE Jianhong, QUE Wutang, LAN Weibin  

	Effects of sagittal/vertical ratio of snore stopping device on condylar stress in patients with obstructive sleep apnea hypopnea syndrome
	YIN Huanhuan1, YANG Xiaojing1, YANG Xianghong2, WU Wei1, WANG Rui2

	Nuclei segmentation using contrastive learning and contour guided U-Net
	JIA Wei1, JIANG Haifeng2, ZHAO Xuefen3

	Applications of deep learning in CT for intracranial hemorrhage 
	NIU Shengwen, LI Kunhua

	Collaborative filtering based on graph neural network for drug-disease association prediction 
	CHEN Hao1, 2, QIN Yufang1, 2, CHEN Ming1, 2

	Evaluation of satisfaction with medical and health services using BP neural network
	GUO Shuang, CHENG Wei, LIU Xinxin, LIU Honglei, DENG Tong


