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Progress of residual neural network optimization algorithm for
medical imaging disease diagnosis

Zhou Tao'”, Huo Bingqgiang', Lu Huiling’, Shi Hongbin®
1. School of Computer Science and Engineering, North Minzu University , Yinchuan 750021, China;
2. School of Science, Ningxia Medical University, Yinchuan 750004, China;
3. Ningxia Key Laboratory of Intelligent Information and Big Data Processing, Yinchuan 750021, China;
4. Department of Urology, The General Hospital of Ningxia Medical University, Yinchuan 750004, China

Abstract: Residual neural network (ResNet) has gained considerable attention in deep learning research over the last few
years and has made great achievements in computer vision. The deep convolutional network represented by ResNet is
increasingly used in the field of medical imaging and has achieved good results in the clinical diagnosis, staging, metasta-
sis, treatment decision, and target area delineation of major diseases, such as tumors, cardiovascular and cerebrovascular

diseases, and nervous system diseases. The optimization of the ResNet algorithm is an important part of the ResNet research.
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It largely determines model performance, such as generalization and convergence. This article summarizes the learning
optimization of ResNet. First, the optimization of the learning algorithm of ResNet is elaborated, and the six aspects of acti-
vation function, loss function, parameter optimization algorithm, learning decay rate algorithm, normalization, and regulari-
zation are summarized. Nine improvement methods exist for the activation function; they are sigmoid, tanh, ReLU, PRe-
LU, randomized ReLU, exponential linear units (ELU) , softplus function, noisy softplus function, and maxout. The loss
function includes 12 types: cross-entropy, mean square, Euclidean distance, contrast, hinge, softmax, L-softmax, A-soft-
max, L2 softmax, cosine, center, and focus losses. Eight learning rate decay methods, namely, piecewise constant, poly-
nomial, exponential, inverse time, natural exponential, cosine, linear cosine, and noise linear cosine, are summarized.
The normalization algorithms include batch normalization and renormalization. The regularization technologies include seven
types: input data, data enhancement, early stop method, Ll regularization, 12 regularization, dropout, and dropout con-
nect. Second, the application study of the residual network model in the diagnosis of medical imaging diseases is reviewed.
ResNet is used to diagnose six types of diseases: lung tumor, skin disease, breast cancer, brain disease, diabetes, and
hematological disease. 1) Lung cancer. Considerable data show that the incidence of lung cancer is increasing yearly,
which is a serious threat to human health. Early diagnosis and detection are essential for the treatment of lung cancer. The
main contributions of ResNet in lung tumor research are particle swarm optimization (PSo) + convolutional neural network
(CNN), intermediate dense projection method + DenseNet, DenseNet + fully convolutional network (FCN), attention
mechanism + ResNet, dense network + U-Net, and 3D + CNN. 2) Skin cancer. Malignant melanoma is one of the most
common and deadly skin cancers. Melanoma can be cured if it is properly treated in the early stage. The main contributions
of ResNet in the diagnosis and research of skin diseases are integrated learning + CNN, multichannel ResNet, ResNet +
support vector machine (SVM) , integrated learning + ResNet, and whale optimization algorithm + CNN. 3) Breast canc-
er. It is a malignant tumor in women, which seriously affects their physical and mental health. The main contributions of
ResNet in the diagnosis and research of breast cancer include transfer learning + ResNet, decision tree + ResNet, CNN +
SVM, DesneNet-II, and SE-attention + CNN. 4) Alzheimer’s disease (AD) . Tt is an irreversible brain disease accompa-
nied with progressive impairment of memory and cognitive functions. No effective cure method exists for AD. Early diagno-
sis of AD is particularly important for patient care and treatment. The main contributions of ResNet in the diagnosis and re-
search of brain diseases are DenseNet, multiscale ResNet, 3DResNet, and multitask CNN + 3D DenseNet. 5) Diabetic ret-
inopathy (glycemic retinopathy) . Tt is an eye disease induced by long-term diabetes, which will cause the patient to lose
sight and eventually lead to blindness. The main contributions of ResNet in relevant diagnosis and research are migration
learning + CNN, FCN + ResNet, multicategory ResNet, and ResNet + SVM. 6) Blood diseases. The proportion of white
blood cells in liquid is usually an indicator of diseases. The classification and counting of white blood cells are used in the
process of diagnosing diseases. White blood cell test plays a vital role in the detection and treatment of leukemia, anemia,
and other diseases. The main contributions of ResNet in the diagnosis and research of blood diseases are as follows: deep
supervision ResNet, fine-tuned ResNet, deep cross ResNet, and deep supervision FCN. Lastly, the future development of
deep learning in medical imaging is summarized. In this paper, the algorithms of ResNet are systematically summarized,
which has a positive significance to the research and development of ResNet.

Key words: deep learning; residual neural network (ResNet) ; optimization algorithm; medical image; disease diagnosis
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plus i i 7€ Softplus H15 | AR S48, [R] X5 #2850
F18) iy L Wi 7 A PR AT 220 T, R S VR 221 1 A A
ZITCHHARRE . 2T AR T IR ZE M2 M 2%
FRHE 2, T L 32 X 48 A T 0 3 A (] 45 4 ) T
JEE Ik i it 22 D 4% (A AN

9) Maxout HA fLG4F 2™ BB R AL, 175 M
ZRREMCS T A 2 R . HHR DESF A (2019) £t
XP IR )R, 2R F SRS /2 Maxout + RelU P
JRE5M ¥ Maxout 5 ReLU J2 B4 #4045 4 2 5k, B
157 BRAFI I ZE R

1.2 KR

P2 A (loss function ) J& — 4> FI ok Al 5L 51
AR TIN5 LIS A — O B2 ) 3 67 S e K, 62
B ) SRR I IR IR T 2R BRSO/ . 415K RS
AN B 451 % BR BRI 0 S 110 T 45
et AR TN BE I O AFIR o 401 5% pRBCIE I 2% v 2
TERT AL RR TR A 2 R, [F] I 2 S ) A2 4k A kS
Ko TR BRECR SR A P A R IR B s 45
g X H it S L A Tt 2% | Softmax-Loss |, L-Softmax
Loss . A-Softmax Loss . .2 Softmax Loss. Cosine Loss .
Center Loss A& rifiiZett 12 Fhfhisk s, HAAIT

D) ZERLES 72T, A8 U 2 34 07 4 2% LRI
PR B O6F FE 2R G DU 2 2 i PR 4 2 BRI
SE LA (cross entropy ) i 34 1Y 2 9 4 24 43 A 22 [1]
AR 2, B B N R 3 3R AT, R R
PR HIE 238 2 S K 5 2 D7 461 2% R B0 e dc /s —3fe
R A 2 I R B SR G AU 2 i B RS d
CFI7 eIy ) 5 BRECEE B 451 2% eR 40T T 3% SR (11 24
FEAC LG 5 X5 A 2 A% 0 SRR 18 K2 ) 22 S O
I/ INIE N ZE S s B DA R BR AR 2R M Sl AL
X Fr SR A AN]SR, ST ARA AR B H Y
e IR R AR 2R3 26 2 Hh— A FUHE, B3
JE[a] b

2) Softmax Loss ( Softmax with Cross-Entropy
Loss ) J&: 45 PRI 28 Hhdse i FH G 61 2K ek 50, 7E 18R 0 2R
A FUE S5 Tl Iz T S8 ), o s A28
[F) F4T B B A, DA IS P B B I 383

3) Liu 28 A (2016 ) $£ 1} L-Softmax ( large-margin
Softmax Loss ) , /& X%} Softmax Loss [1¥] 243, L-Softmax
1 Softmax FFIIA T 1 A BB S, BEA S RN
RAEFNIE R 7 BRI B R B AT A
ARG ST R G B SE SR E LE
Softmax /5 .

4)Liu % A (2017 ) $2 H X} L-Softmax #4174 #H
9 — 4k B9 2R 3. A-Softmax Loss ( angular Softmax
Loss) , iZ5E T AR BIBAHR - RCR

5) Ranjan 2 A (2017) #& 1} ) L2 Softmax Loss
(L2-constrained Softmax Loss) X} Softmax Loss Y£47 T
O, RN G A v BR 1) 2% PR S IR R A Y B0
TR, (75 Softmax Loss 43 X fa] SLRE A FI & Je AR A
[AFEHE T2 2], T AR R EROR R4 .

6) Cosine Loss ( Wang 45,2018 ) 2% 4 L-Softmax
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Loss F1 A-Softmax Loss {f; /&, , 7 Cosine Loss Ht B 22
TEAR5R A3 [B] h i KA 23 B, R AiE FAAELAT B
—Ak, #H kb Softmax Loss . L-Softmax Loss %, Cosine
Loss B W Bf b 29 o 1 ff) B2, i A5 R AE B H A AT IX
I

7) Wen Z£ A (2016) 42 H .0 1 2% ( Center
Loss) FI T AR5, Center Loss f AR5 SCFF ] &
BLOSVM) R0, AR 73 4% S 501, [ ) i {5
K HRZIANWEE IS AT BB, 1M 26 Z [A] AL A Z [8]
FEE AT RE/D

8) Lin Z£ A (2017 ) F| F £z St 2 (focal Loss) 42
TET ORI RICR , S X6 S 51 AN P47 ) T, 85 A pRi
AT LIGE 980 5 53 ERE A AL, [ A5 BRI 5
I 30 TS R AR A
1.3 S¥EMRLEE

R IEN 2 I 25 I A S e/ M A R R
1% 22 K R SR e AL, JE T $2 T I 2% O PR RE
BEXSASRI )R, 5% 22 pil 22 ) 28 27 2] SRR S B AL 3R
TR IOR — e R s e 25 PERE . DOAES s
BALFERR L T Rk SO G o MR TR A Tk
R AR 1 R B S o =2 (D A /18 2, iR ARBE AR 2%
3 A B, e A KT R e . B
JEE T W 1 B JHG DS B A 4 e B T B (gradiient
descent, GD) | Bfi UL #6 B T B 1 ( stochastic gradient
descent,SGD) .mini-batch £ & F [ s sh 2 S 50kh
JEF B 5| Nestrov A B2 Il 38 1 . AdaGrad 5 32 |
AdaDelta % B F& 1 . RMSProp .7 #1 Adam 349k
559 FhJ5¥k . Dauphin 55 A (2014) 45 Hi 0 25 2801
e ARG e i DR A A B e T e RAOC A, BE R
TEA BR AP B8 N B e e Al WA B85 5, Ruder
(2016 ) AEFE1E Bk 4 A5 RE 0 | W S 3 A 2
K (Hu %,2017) 4 A J5 X LA B S B E T
i

1) €454k, GD SGD Fl mini-batch )% T [ i
TEH FEARE WA B RN 2 ] 22 35 D pR BIOAR AT,
SN R B LB A Bl Nestrov A BE I 2% |
AdaGrad ,AdaDelta ,RMSProp F11 Adam 2 35 K H &
AR, B G 3R 3 R A R B T
Nestrov A B v % ] 2l & 2 7 W Sk g b kAT
Uk, SR AR B ik T R

2) ki #% S RE J) . GDSGD FI mini-batch £
BRI 3 FVE LT JC R N Bl T Nestrov

Tofs E IR VA TE L0 22 1 36 AUCECT A Rk i
M AdaGrad &%  AdaDelta £ F T [& 1 . RMSProp &
A0 Adam S5 0] DLTEAT BRI T N Bk S A

3)WSGHBE . gliEik:  Nestrov 6 B2 AT ¥ Y Ak
AR AL AEAH [ (1468 J82 5 1] fuff JHC 2y 1 R, TR A6 B2
U T 1) 98/ Bl A, DA 00 i 4 3 bR Ui S50
Bl A Nestrov A B2 T 25 Wig S48 B2 56 A AH ) 5
AdaGrad , AdaDelta ,RMSProp F1I Adam % U SIGH
JEHE A A [A] ; GD, SGD fl mini-batch # & T [ 14
3 Bk W S s BEASAR AL 5 AT, B R A A
Nestrov A3 & 1153 B Y SIGH 5 54, , AdaGrad , AdaDel-
ta , RMSProp F1 Adam £ 4 Fp5 5 H K ; GD ,SGD Hi
mini-batch 5§ 3 i B2 T B2 AR5

4) 22> GD,SGD F mini-batch f T %
i Blit vk | Nestrov B B IINEE S5 5 FhET L B
FE S RNV T2~ A 2k A 08 R R, T Ada-
Grad B 7% | AdaDelta £ & T &% . RMSProp 8 7% |
Adam FE¥ESE 4 PR B IE N2 ) Rk R
FErp R — SRR S S IR 2 ) R g — kB AR
H Xt S BHAT B SR, RSB TR
AdaDelta #3551 Adam B3k 2 %) AdaGrad &
A1 RMSProp 5732 11 2t i, Adam 5532 [A] ) H A
AdaGrad F1 RMSProp 2% i04E &, AdaGrad B 3 i
RMSProp 5.1 18 2 Y% U5 27~ A 1T fE IR 8L
20,
L4 FIFEE

Tofs 5T I 0 D0 A ) RBE ey 2% > S8R E 7 [ e
JE , PRI B2 ) X R TR T =, 78
I 2 Bk 22 P 22 0 24 I, i 28 7 2] %8 (learning
rate ) 55 i) 2 B0 BT B, 2 ) AU E N,
AR SIGH BE , 14 Il ZRist [a] 5 2% > SR, AT RE
B BOAE S5 A0 0k 79 000 Tl R 3 0 T 2 2T 38 D
(learning rate decay ) J&— i a] LS 33X P & 22 8] 77
JERIRRR T 58 o 2 2] B P A A < 2 2]
WEE VIR HEA T8 08, TER I ZRan 3, {4
KA AT AUAL , B AR I, 7% ]
RSB RIEARBIAE Y 2505 WA 28 KR
W, NI S s AL . eS8 f 2% )
FIEPR (T IOFNZEHAE, 2018 ) J7 1k B4y 8 Fif
I3 B BOE I 22 I A AR RO L B R O
UL A SR B U L A TR U R A 2 Ol A R
PRMER LW, B 2—& S DIWIiR4 2] % 0.5
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Fig.2  Polynomial decay
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Fig.3 Inverse time decay
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Fig.4 Comparison graph of piecewise constant,

exponential decay, and natural exp decay

22 IR BB 5 ) R, 2 4 E W R A ) R
R e~ 3R, 2o o) R SR AR AE I, An Al 2,
AESERA RERERMK)S, —BRFFEI R
AT HORT , SR AT ) R E R LS , X
SFRRAGIMEZ T = R, 77 2By 14 22 ) 45
2R 15 ) /N B 45— BLAE RN Ryl de /Iy
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Fig.5 Comparison graph of cosine decay, linear

cosine decay, and noisy linear cosine decay

(ELRRT VT 4R35 , i A 38 DRy ~) Fm] LA Ry i /M

S Hsf R 27 2] 48 5 gl (BB 0 ) SR AR 2 S
KNG INGRIEA —E R R, R BRI
B 7 d /N 2] 3 RO B &, 2 2 R0,
Kl 3 Frs.

I3 B RO R AR SR X ] 3 AN TR 7Y
S BB, — RIT IR Y27 FRER, Z 5 R
/N FRBOE I 27 2T FRBEVN ZR O W B T, 2% 21 %
YR/ ZRCEZ 18 BOM e 1 5 B SR T BO= I 2
FRECE I, XIAE T8 1 S R U e, fim
Holesln g B gt ] 4 J2 0 BUH ORI FE B
I B AR ECE N 3 MO U eI BT R LU
B ARAR RO 7 2 59757 2 FE A TR EOE
75304 BT R S

Loshchilov F1 Hutter (2017 ) 32 5 4> 5% i,
WHLR 5 AR 5% BB G TR AR F R ARTLIBIR 5
Bello 25 A (2017 ) 4 ) 1) AR 52 B K S0 ¥ A 4
ANEAR TR LI T FORGR A 28 1 A% 5% 2 0y 20, etk
AR R LI N T T oA 2 2] SRR 5 MR RS R AR 5K
R TELNE AR L R I Y LAt b, A T MR 3
T ) BRI B E R LR RN AT BE e, IR S i
N ELOSOPREAR TR IR, 2 T MBI AR A T
R B I ) G IR AL I R R AR MR TR
T A2, 27~ W IR 7 T R AR 7
Rt B 127 > 885 T R L B2 I MR P Ze bk
ST Xu 5N (2019 ) X5k 25 4 42 9 2% E AT
HUHE SR T B 38 AR 545 T R LA R SRS T
SRR T IR ZE A 2%
L5 A—&EE

R DR AE 2R A R R A ) 8 DL RORS A 1)
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WG A 2 500 L, 5 6 B al 2R A7 I3 — fb Ab B
HtE H—4k ( batch normalization, BN) J& 2% i1 —Ff
FEERI )2, T — 2 B A B ATt 0 —
1 R E AT — 2 AT AR B, 3k A i wT L A
2 28 (1) I 25 35k FE . Toffe Fil Szegedy (2015) [y
Inceptionv2 5 RY3E b 5 5 — b 4 2 1 i AR fifg e
AR e Al o 121 15 S S| 7 S 7 i
GoogleNet, it I — 1 75 Ji 88 1 ke i I P A AU 1Y)
YIGRTT TR H AR5, B 2 I Rt i A/ N B 4 35
SEAEAS I, AT RO S B AR T Toffe (2017 ) Bl Ji5 42
Bt & B 5 —4k ( batch renormalization ) B] #4511 2k
A FIASARL A BOAH [] 1) EE A i BB AR A
AR A /ML, i T4t i 3 00— AR I SR A
FEAS A /N B AR /N ORI 2Rt R BT AL T BN,
] i PR B BN B A Ao
1.6 IEN{LiZAR

T DU B0 12 0 Bk 2 ol 448 0 24 o Tl L 1 B
2 EARIE T RERZALRE DT O TR AR A
MG, — Al IS HCGE 2 T 4 A B B 1 ) 45 45
4o TE DU A3 gk S )1 e SE AU S R EAS ) R B
A B TR AZ A, AT BEE T 8 Ty A% |
B R R (L1 IENAE (12 TE 4k  Dropout
Dropout Connect 3£ 7 F1E N4L B9 s o

s A BE Ka g s A5  Dropout [ H
AR TR FE 5% 2 11 28 9 2 v i T B R i 1)
8 e A BCHE 2 i L HAT R sk S U T,
SRAEN 5 0 25 I FE A B R /D, 48 IR AT fiE
PR ALE IO . 2) Hhafs 48 i i 5 1) I 4 A5 0 s
I SR N TR R8RS . SRR
(OEIRY) & S EER LA L I TN GRS
Jie % 557 12 ; Tustison 55 A (2019 ) 7 il #5731 K 1%
PR R T TSR ) A 30 184 5 SR, A4 3 A 2 IR
JEGRMN M5 AR | S0 U RAFRCR . 3) B
5 BTEM OGBSz — 1 B A W R Tl
BRI, 4) LU E A e AR ek Es i ) £,
DA/ D S 2 RHELSRT 5 T L2 GE WAk, B8 0 E
DAY H BTE T S 801 J5 1 S, 12 1R Ak
J& 0 B AU fr eR % ok S8 B B, Dropout
(Krizhevsky 55,2012 ) W J2 36 i {6 5 I 2% A Bf e 552
LR, 7 AlexNet BRI THG{8 HT, Dropout 7EAE A
SR IR S 3R B BT ol 22 D09 255 R T I DA 1Y
2o rh B3 WO — R /NI BB BE T B TR TN ZR i)

P25 AR 2 AN TR B, i A T A 5) Wan S5 A
(2013) $2Hi#) Drop Connect Ji:3 — kD37 3% 54U
FHYIE WAL S ms, e R T M4 Rz A RE ST, 2
Dropout fJ— B4k ; £ Drop Connect fY1:f 2 H4i 9 45
SRR 1 — D REALE £ TR BEE N % U T A
Dropout H X 442 FEALLE £ B0 pR 20 T 4R 0
NS .

2 REMEMBERRIS BRI A

G

Bt R RASE PR AR KR 1 7 A AT HARCRE 1 1 et
R B FEAN 2 W 28 AE TS HLAN 5 11 P15 Ak 3 50
IRAS T RBAMERCR , Hosk R AR T R 1518 T
WFFEE G, IR N T )7 R S, Litjens
SN (2017 ) RFUR BE 27 2 1 B2 4 MR 43 28 R D R0 4y
) C AR R AE T T A SRR AT TR T M U 4
S FAT, R R SR W sl 3 R R
P D2 B & e, R OGIE 55 A (2018) 5 H TH5AL
B2 W RS B =12 W B A e, 9/ s B P Y
Az, g BE AR SR SIS W SR S s MUBE S 4R
A BRI T H R J5 2 B 2R AT 3 15 43 A i A1k Al B
YT 3 2715 0 53 25 P 28 X 24 A I 2 LR I S ek L
JRP I FLIRIEE R W B s 1 I Y 55 6
PRI IZ T T 4 R TR T B
2.1 ResNet 7£ i 5B Bh 7R 12 B o 09 B AR 5%

It S A RN TR Fa B AN B R 2
—, R BB (UPE 55,2015) KB, il & R 2
SRR, TUE U AR R, H e T e AR L
Il R RIS, B BOHELL K A B 5 12
FEPR — B2 USR], U, R W Lk
BUXS TR AT R OCE B, JE i W AR 2 ph 22 I 2%
2 S B ARG T DA i R 4 SR W A R
Hk A R B UL A B 5 5 B0 B B 1 0
P2 SR IF  Focal Loss 451 2% s ALK P 2% IR 5
PO BRESE IR 6 25 M T B 2 i 22 I 4 T it R 5 i
W N IS O

B3 2 25 IO 2488 A Il 0 Je e T 9 0 T 1) T A
A BESGESE N (2018) 42 B TR T REDL A ( parti-
cle swarm optimization, PSO) £&F#% ( PSO-ConvK) Jiili
IR BSOS s, R S BT B A Al i CNN 42
BCEBUAZ A WIAG R, T PSO X HoAn ii 1L, o8 35 &
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Jifi —{ DenseNet+FCN |
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mlH wmammerena
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Fig.6  ResNet application in the lung disease diagnosis

ANRL (0 T RE RO, R 4 R Al B e 45 3]
CNN, I FH il e CT g AT 25, 255 M6 EE T
i 0F 1 2% F 0 48 1 5 Nibali 25 A (2017 ) #5522 b
28I FH T2 BB 23 28T, SR ResNet 42
IR 7 > BIRCR , LA AN [ I 248 % 5 RS 1
iR o 2R A TE R MR ) 5 B FE Y S8 N (2018) 4 T
HE T AR I 48 B O I 25 A3 N B s A
LA DenseNet i , >R FH v 1] 45 SR 45 5 12: 45 B fili 2%
T3 AEE R TEM L b AT 2R, R Focal Loss fff
W 268 B T 2T X LA o B A4 Ml 45 4 5 2k 7 3 R 5 )
(2019) 2 AL TR G #1K 1 3 4E 2 PN 2% 15 5
TUHEBE W Z RE 3 4E5% 22 N ZE RIS, 5 10l 4575 6
W77k, AR T B 2 REE 3 485k 22 46 AN
LR BEALE T HEAT 03 28, DA e 45 9 PR i 3th 20 B
HECIESE T AR MEFANZE i 2R (2019) 2 1 —Fh ko dk iy
U-Net 45 B 28 [0 26 Jils 235 15 A6 0 5 12 , >R T A R 2
V55 A R A R IR J2 R E , 0 5 £ IO 2% feli A5
TEAR SRR A JZ Rk 2 22 18] i il , IR 45 &9
SRAS PR B RUBE AL , 2 1w fili 495 75 4102 4R 1k 1) )
FI#, Zhang 5 A (2019) 5% JH 3D $HEALMTJZ 19 4
E1% H T L4 B2 W ( computer aided diagnosis,
CAD) RG4S 154328, ¥ 3D 1y CT EHRAE 2 Fh
CNN R 47 0] L S5, 52 460 3R B, DenseNet121
il Xception 7E 45 19 112 Wi B UG 1 008 Y 73 28
ROR
2.2 ResNet 7 [ BR 1R 12 W FP O 2 AR 52

SR TR R — ol b PR K A T R Y B R
I 0 B R vy Rk PR R R i L HL B3
i A B PRI 2 — , B 00 ZR e R B 2 I R
I7 R DAY o 38 A X0 R 2 il 4 I 4% 2 ) Bk
FRTACHE PT AR g B R 73 2R 12 Wl 2R, Ll 4y

FEHE I ResNet R AE 2 fil 5 DL g f0 05 AL 55
7 25 T k22 1 22 I 28 A B IR i 12 Wi v 1) 1o
T, k2222 R AE BRI 12 Wik 58 7 TR Y
BT - Harangi (2018 ) SR AR JIAY I LRl & 1
AlexNet , GoogLeNet, VGG ( visual geometry group ) Fll
ResNet 55 4 Fift AN [/] ¢ B2 1t 22 1) 4 R A4 Y 23 2R J2 19
B , MR AE CNNs B InAC R4 T B 200 28 ARG 45
B3 2ERE B 3 Guo 1 Yang (2018 ) 42 H 4 Bz JH 45 473
I MTHEIR——Z2 18 18 5k 2 1 28 ) 2%, HEAR SRR 2
B ENIRZEMZ PG B R 3 AR Y Res-
Net H1, I HJEHAFE JZ DLARTT B 28 1 T 25 28 5 2%
ALEE N (2018 ) 41 H Bk T~ T B2 5k 22 I 28 11 12 Ik 453 151
BRI PUN 2, RJH B 2R ResNet-152 42
BB IR g 728 PR IR 2 A AL, A1) T S 1) S AL (SVMD)
XF S U B O R E A T 2028 o 0T IR FRY
BRSNS S S PR N S 3
A R ER Z B] Y 2K 8] 22 S /N A T A5 9 AR S5
(2019) EHxJ M0, 298 23 R UM 55 "R AR AR X L B2
(SN RSN a7 L1 I RIS E B R <0 €73 L
TR TR 22 M 22 28 AR 45 5 W 4R L0 28 07 1 I 4R I
IrRBORITRAN 1 B — Bk 25 M 22 ) 28 7 PR (0 Z30R 7326
FEREE . Zhang 25 A\ (2019 ) 5% FH BCiE ) gt £ 5905
KAl CNN BT T B RS 12 Wi, i@ id AlexNet,
VGG-16, Inception-v3 Fll ResNet 545 R 47 X} H 52
By, AR 7 v A RO

—{ ¥ >]+CNN |
% il jEResNet |
e | H
?;:::( ——{ ResNet+SVM |
]
‘{ £E %2 2] +ResNet |

fig AL SR+ CNN

BT BR2E M 22 I 28 B JHOB 12 W 4 15

Fig.7 ResNet application in skin disease diagnosisl

2.3 ResNet 7EZLBRISHT HHI R AT R

FUBIE 2 Ve w DL B R 2 — , LY
Wi 22 1 B A R L 2R AR i Sl R R 2E A
P 282 2] SR B R T AR v FLIRB I 12 B 4G
H A A5 X B S HEAT AT AL B B 5 |
WY AN A BE G 55, 18] 8 4 th T 5k 22 i 22 M 45 1
FUIRBIR ST R TTEO0 o 5l 25 i 22 W 28 3L it
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WIS 5 T 9 32 TAEAT : Chougrad 48 A (2018)
R FIERS S ) T 3L b X 2R G R AT i g A5
SePRBUBOGR X IE AT FAL B, SR AT A% 2 > U7 ik
1#H ResNet; Gandomkar 45 A (2018) | R 2 7k 2=
P 25 D 2% %of LB 4 20 B = MR 6 AT 22 4 28 T
IR E R A0 0y 4 AR, RS9 K
4 ASEBY 3o P 0 p SRR A [ ik R B 7 Ak
J P P8 1) i 8 2H 5 R R R AT 0 285 4 R SN
(2018 ) o0k BB L b8 A6z 0, o) BHfe 4R iHE AT A
- A PN 1 5 ) A AR 22 P 28 4 IRURRAE
FERIHT SVM #4743 28 , AR5 1155 CNN 4Rk [ 1Y
G328 P18, BRI PR R B i 1) — A R
R IR E RO B PR 2 A 1 e J2E A ST 1 1Y
2% Li %5 N (2019) #2117 DenseNet-11 #fi 22 [ 45 A5 7
FHTHERA K%L ZLIR 8115 73 28, DenseNet-I1 >R J]
Inception Z5FJHUC DenseNet 25 1 24 FH, iZ R
FEM 2R E5 i . Deng 55 A (2020) $2 3 1 45
F— PG SE-Attention HLA Y CNN A2 ] 5 flt
FEPRIR IS IR, B Y SE-Attention HLTHI LV M 458 4
P S AT A8 AL 400 1) DG T A Re i, AT 512 31
FROUE A R0 2, 29 KW, BE T SE-Autention [
Inception-V4 F1 DenseNet RIZ&PERER B RIEE -

—{ 1EFL2# 2] +ResNet |
B _{ TCOFE R +ResNet |
W
i | CNN+SVM I
y-p‘:‘]‘

—{ DenseNet-I1 |

—{ SE-Attention+CNN |

P8 BRI I 2% A SR 12 i v ) R A

Fig.8 ResNet application in breast disease diagnosis

2.4 ResNet FEXfffmis W P o0& AT R

BT SR 2% 5 2R 95 ( Alzheimer” s disease, AD) & —
FIAS AL 338 B 0 , A 1CAZ N B R i 2R 7 PR
Fo YHET AD A A RBNIR A, HR 2 K
T E I BRNG YT U O O, R 3R 1R
(MRI) X§ AD (1832 Wy FA7 35028 10 1 A 70 28 A6 P A 1R
JH X8 Rl B8 FHLE e PPAS A6 7 B 20 9
M TR 25 P 8 T 8 TR DRI 5 12 IR e #) 1
Do BR %1 28 P 48 A0 RS 12 Wi I 5 T T 1Y) 32 22
TAEA :Li A1 Liu (2018 ) $2 1 1 A TR L B B 22

W28 (1) 3 27, T T2 20 A% 4R il (BT 45170 45 e
JRERRHE , I 45 HE5 5 B AD 432 XIHR N 58 A
(2018) $2 i 22 R IR 22 M 22 P 455, R FHAS [] R/
BRGNS BRI T 2 ROB AR BoR S, JF R 22 0 45
BEFTAR2E7F 2] s Murad 25 A (2018) 4 3 F ] 3 4E¥%
JEE B 22 Aol 228 IO 248 S S O A 0 IO A, 7 3 44T 4l
rh BRI Z5 48 1 H R AE ; Chen 55 A (2018 ) 4 ) 5
F voxelwise [958 22 W 4% ( VoxResNet ) , Jf 22 B 25 Al
ZAW T SCE BN M 4 b, RIS R BEAS
(0 AME B, SR AN R LB AL, S8 BRER 40351
KIKA5H . Liu 55 N (2020) $2 H 24T 55 TR AR A
DenseNet 2 J R B2 9 45 1T T AD 7328, (2% 5k ]
ZATSRIE CNN BLRLR TG BR 2 JURRE, TR 3D
DenseNet BRI MG Hr 27 ] RRAE LA SEA T390 43 2%
WAL T2 2] (D REHEA T4 A LI RS 1 T
Koy,

M |
x SR
= SURENZIG |
£ CNN+3DE 4
WML

IO AR M 2 I 28 AE RN 12 I+ 1 R

Fig.9 ResNet application in the brain disease diagnosis

2.5 ResNet 7EHEFR 712 BT 5 B R A HF 5

P AL T S 7 Ol I ) 2 P R 30 o A
PR LR ) — A IR R, B ORI R R,
IR O RO R S PR e ™ B B O RE 2
— EPAER TAE AN O FEEEHR R, AW
-9 ) 1) A7 o A A0 o S 7 ) L B A
JE B YR B S AT LR O B2 W, 8
Tob XoF B 25 P 8 ) 4 2 2] SR R e RT DA i R PR
WA G A5 LR T B A 7 12 S
RS, 10 25 T 3R 22 A I ERTERE IR 12 W
(R AR OO0 o 3788 2 i 22 I 248 A 0 PR 12 Wi b9 T
(1 TAEA - Wan 25 A\ (2018 ) K 45 AR 28 1 2% 5|
NS BRI P AL I 5 A2 4G N , SR HTAE % 2 ) F kR
SRR UINZR 028, R FHBEALAE B T RO
A T7 12 T RLEE s Mo 55 N (2018 ) X5 B PR 83 B
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Fig. 10  ResNet application in diabetes diagnosis
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Fig. 11  ResNet application in blood disease diagnosis
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