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Abstract

Abstract: XiaokeNeizhang is roughly equivalent to diabetic retinopathy in Western medicine. It is
one of the common complications of diabetes and has a great impact on patients' vision loss and
quality of life. In addition to the primary causative factors of diabetes, the complexity and refrac-
tory of XiaokeNeizhang also impose a huge medical cost on patients. Therefore, early screening
and early intervention for XiaokeNeizhang have become the first line of prevention and treatment.
In recent years, with the development of optical technology and the maturity of application tech-
nology, the condition of the fundus has changed from “unknowable” to “knowable” now, which has
greatly helped the early screening and diagnosis and staging of the disease. The addition of neural
network algorithms has enabled the diagnosis technology of this disease to reach the level of
“prediction”. But for Traditional Chinese Medicine, the syndrome differentiation of XiaokeNeiz-
hang has not yet completely caught up with the express train of this “neural network algorithm”.
Therefore, this article intends to conduct a systematic review of the research progress of neural
network algorithms in the application of XiaokeNeizhang in recent years, in order to enlighten its
application in syndrome differentiation and treatment of Traditional Chinese Medicine, enrich the
content of Traditional Chinese Medicine examination, and achieve the effect of “preventing disease”.
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1 ARER

TR R, DR IS SIS A B T P A BRI o TR R “BIRE DR AS . RN
7 g TR MEEARESOR[L], HIRHLE TR R 168 SR M 55 S BN 80T B 110 A ZE R A T SO
WERE S5 AR B, HR ST i e =, M B R =4 W (BMEIERZR) Pl “=HHAX,
FEIMEE =, BCH B, BOZFRE WAL, ATAIEAE S EOF 2 0 A0RE, AR SCEAans, VAR
P, i RO 5 H AN . T8 A R DA R T B ACRE L, K BGE A 2 T P R R SR
PEAL B AE o 120 1 R 3 S ARSI R, VR IR I BB 4R 28 55 S 2 5 18 2], 53 4%,
R PR I3 0 DA s A 2y B e SR P A T R AN T, TEVARVE O [3], 7™ B 2 A T MG B S0 v A A I A
AP AL EECE [4]. JRAT AR, ERE PO 3 ki 1.4 44, JE4aRkEE—[5]. EHP A 23%
RIHE PRI A PR B A S [4] 0 FEASERVEEE Y, K2 JOE PR S8 505 i RIS e W s AL X B 22 5
AERHI[6] [7]. PRI AT REAE U195 Wiz JFoxd Heb AT T W00 808 Rl iR A5 09 6] .

P2 X 2% SHEAE IR A P ) 1 B AR WT REAE TR, B bl P PR AL X BRI A, 0F 0 A W PR P 2 P
[81[9]. #RMMT, Tl ik H A IE R RN E K, T &l 27 RN KERI NI 770 IRE
SR S e TS &, RO E R IRBHE A A L R AT A7 & AR 7 5. AR R
457 s A BRI, BB BRI YA R A2 N P AP 22 M 28 A AR Gt IR SE Bk R R ML
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2. WK
2.1 HigAm

BLA 5% SI1E 1959 R4, Hald KRG NG g B3>, MRS s 85 458 390 5T 578 AT 55 I AR
R, XA AT N5 21T N —FE[10]. 7E 19 tH4d 80 AR, HLes2= I fETHENLTN o dr H R T B K
W e VRIS ) RN ST I 43 SCAUE, T DA SR ABA T A R 2 X 2 BT 55 5k B 22 A b 242 1) Bt v
TERFE, 1E45 BERSUSOE R TR MR BAT, WESIERY: FRAR 7T 2 FREARBE, JtHZ
TEFIR IS TT K25 IF /K [18] [19]. H A& b 5N A B B 2 2] 245 KR 12 M 45 [11] (Long
Short-Term Memory, LSTM). 3ZFRi% 2 HL[12] (Restricted Boltzmann Machine, RBM)AlIF& FA i 4 % 2% [13]
( convolutional neural network CNN)%5. JLrhr,  [522 MG IR A0 g 5 FH FRR BE 27 ) D7 VA0 2 B AR P 42 XX
%, GRMAMLRE—MSR SRS, HEEERNE. R, LE. BusRE. 22K
Wi EH R B REE SR B IR JE R BN T B0 I AR FE R v R B KRB RT 439 LeNet [14].
AlexNet [15]. VGGNet [16]. GoogleNet [17]41 ResNet [18]#1 Inception [19]%5 . #5420 W 4% i M FH —J7
T T LR IURIE 50 %6 G A (PR E AT $ A H R R RA R s o — T, 0 o] BRI N s, KK
DA T o

22. EERFHE

HARRAL, BRFPG (45 G2 W 5 B T I R VPG, I BLBSRBR R 6T & A U i) Rl 3R B 4%
KA FRBEFEN S B, AE AT IR AR ORI IE S 2 P 28 BOR R SERR M 1 Lol — . Hadiid, K
8 X 24 SR 80 P T R R B P W S BN L AL 950 1 1 B s A AR RS W, E v B R A D
JE97 A2 (DR) [20]. [FIFE OCT (¥ MG R FEE H T4 W 28 Sk AT 24 20, F LAS I 45 i DR 51| /2 R 3 B /K
J’i[21], 41 DR. AMD %§. ZEE IDx-DR [22] 0] LA H 212 Wkl bR s 10 4 5555 28 17 5 T 25 AR A 45 A o
BB ETRE CEENEAN” TR0 HE R DR BRI NE LR A S, DUE R T HiG 7 [23].

3. RAZEE LR

B AEE, LR EREIEER 2, TS RIRRRIL, BRRET T EREERK, REW
R AR T IR A KIS . I A RIS IR IR R XHZ AT B S 2 W 2- i 21 BEHHIE 1 2
o KRBT DO P22 28 SRR EAT W T P BRAC B SE A

3.1. HIEpTmALE

MR I 22 A7 MR R BRI 2 70 R AR XU IR A5 2 M0 B R, (BRI LA B E SR A, [F—A
N B ] 00 R Y IR JE 175 20 ARt AN UM ] An A8 [ 45 W] 1) CLARUS 500 HRJE AL (82 SE I S k2,
1713 SR FH 2L S5 501 XU A 41 4 ) 9 [ R R R SR AR L U RZ SN AU B o AR BT 70 2 0 A A [R5
AN ISR IS HCE 1) W AR . BRI, 0T SRUEAS R R REAS B FIR L 2 30, Db R iz, HF ik
WeFERASIONE E . HE R RH AP R, K2R g 2B i, HKEN TR
RWMZER, ETRIUNLEE, A TIHRYE PR KRR 5 ORI AN 2% 3T

FEF B PRI ML A R A2 AU MR SIS R, i L L S R DAL R BR300 i P R i
AN IR I B AR BEOR SE B T PR RS SR SC B, 2 BB T2 35 5 U A

3.1.1. =iEEZE
IR R R N IR A R S T, HAEARIA U
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Figure 1. Components of spatial domain

1. EEHERRARM KRR

3.1.2. S

U T 20 B R IR S AT A, L AR e R B R P IR R I oy B, A
s EL A 38 73 KK 1) FE AR A1 AT A 1S A PR B P, BRIV B A0 7 28 AR e, OROA 1148 5
MIRCR . Tk b, RE A ARERE AN =B IR . AT EEONIE R B H 8, Ja R EONIE R LR
R 73 B R B vt 020 B AT BB I H 1

3.2. FHEMAEFRAVIRE

MR BRI SRR A E Deeplab [24], F A ZIET Atrous convolution, A s 32 BE7E T BR8 1 2
DR I EUGIE MR . 4019l 8 AL ARG A0 2Kk, DUE B ik B L & ) HERR 28R . BT & R R F|
DeepLab V3+, AR A/ETHFIMR, et 7 AR .

3.3. WHES KA E

GooleNet BRI [25] AT &, 1 22 JZIREMKA R, i T Inception WA TE K T % )2 KK
GREMBLEZHE, KRBUNTIFRSH, =E TIHHFRSCE . AT 2B EMECNEE TS5 52
HRN T iz, 7F DR J50fi, GooleNet 6 IR 5 A P AT 35 31 89.43% [26] .
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ResNet A5 7Y 3 1k 5% 22 20 K K AR 4 I 24 J2 500 T s SR 0 2 i 2 oot FEE O e W R, [ AN 75 234 3t
G R AR B BAIEAS 2., BT DL 8 FH R AL AR TR 1K WX 2% 2584 [27] [28] 0 DEILE, 7E DR A6 77 1Hi [l £ R Ak
VP2 AN, BB Ae e 8L .

NasNet #24 i 2 8T K, A& —Fl F A0 BT AR P 25 ST e BB 3E I 15 22 R A mT R Fr i 48 D 8¢
AR BRI R . R, TERDS PERT B R MHRHE DR (8, Bonth TIRFEMRI[28]. HEHTIT
HENEK, RNGIEEEANER, RNEARKESITTHETEARGAEE. MR REARFR T
NasNet-Mobile SR ZI I H

4. HABNFERARRPHE S #HE RS B %

TR G HIERIR LM B I RRE, AR EE. R TREERY), W2 a2 HPHEAR R
H, HR[29] [OJMBK R [BLISEIT RALZ , (BRI FIIRHHIE 7 T BT B . MR AT
BRI AR AL, [FIRE IR T BR 22 ROV mE, 4 T 42 B PO 12 Wi ARG 7 4 T AR AN /ML
TV W A B 1 1 75 B 4 A IR A DT HHIE, W Sh & P I 2 S0 AT IR B 27 ST AT IR AN B AfE 1 IR sk
A PEVR LA o [ ARV P A B o 4 B L A 00 5 e S R SRR DL IR R BN 2 2 BHIME 1297 (MDT) 12 43t
2%,

5. BESRT

ARG T T AL 2% S R PRI AL A B A2 (DR)IZ T, 4 T CL4R B B 2 548 20 W U P
FCWORE T AL R fEEIE B, DRIZWIIBUEYEA KT, WIEEAIR BIIG R SR RSB
b MR EAR W O, SRR . T B, R, IR SEE R T e, £
KIRIISE XA A BRI, SRR A R LI 5 — FORRIE, fEA R 6 B IEER M AL . [FI,
FERIE S 20U, BARAORFF N AL JRES MR S T i i o s R — VoA N 1

FEBIR R ALA I 5 1T, LEan SR i DR, SRR AR PRI, FFAR B Ll I HRABREIR , i AR T s
A B9 e 21 SR 2 R R R 5 TN o T BEL 9 8 o 092 Wi SCHF IR AN /), A A B3 A B T it A2
EEIEOR, B — PR R . [FINAE DR FL4, BRI AT B8 I F AN BE A AL A B 22, T AR 1)
i L P PR 7 7331 ¥ A (Ops) R T RT3 LA BE S I HE R PSS P J= R 3 [32] - 3R ML BRFALE P 25 - B
BT IREE A BORL 3R0T REEEEAS, FIFHMESA T2 Lt — PR R

HEEJT I, W #5 BRI L 1) “HRAE7 2 XETF DR, UK = RIE—H 2%, HEBE I ATRNL,
ATRALTE s ATRALKE o QT ARSI ZB2 1) A B AROUR B e V0 3 BRI AR, IR P 22 IR EE
LIZHNE, FHEPRE, BRI BT 2500677 . LR R A B R R IHLIBAERS )2
WHFC o ARSI T2 W7, 34 RITH [F) BAR BRI A 5 B e 2R i) 8 MR VR T 7 58, iR BB 1
TSR R R DL, 9 HE B e il e S G IR T 75 58 I 7 M B AR B ORI b e PR, IR
JEE 2 SRR AT AR5 15 A A FRAE S AR T RO, B AR BERL AR IR AN DRSS, T SEBLMAEAL
J7, BORRE B B R o AN AORE K R 2

AL E AN B T A AT 708 570 AR e i 5 5 25 09 R IUL R 1R AR,
AR i S o

&5k

(11 APy, XM, skAifs. 2 Teot @2 5 BN IR T IHE N A BRI 0], b E T EEIRRR R, 2016, 26(1):
61-63.

[21 R PRIV O I AR AL 4 0 B 4E S G I TR R 20 M [D): [ 22608 5], BTN oK 2%, 2021,
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