Software Engineering and Applications ¥+ T2 5N, 2022, 11(6), 1212-1222 Hans Y
Published Online December 2022 in Hans. http://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2022.116123

E-F Transformerf93reE JLEF SR8 A B RS H

k&, BRORY, BN

LM TR R S AN AR, L
2L SR — A B R B R, B

Weks HiH: 20224F9H30H; FHHEM: 20224F11H28H; KA HM: 20224F12 A8H

H E

Brae )L 2 L R B RRRFBR, HRENHE ) LISERHITRESERK B AR. KR
PR R TFREE I BERL, WHHrAE) LR B4R B 3T SHEER 22, BIEHEEE T 2020
FIE BT S — 10 B E B HH AR IR AR ) LK A P B4R, 22 F Pytorchf]Vision TransformerfE3e,
FHLEAERHENBHEER, FEZRELRE, WRENHEFHRIET T95%, BB NI8%, FrRik.
FEFREIIER T 93%, ROCHLZMAUCKE] T 99%. it #H 5 Transformerti 45 & MR K4 KA,
XA LSRR R BRI RRE, BB TEAN BHKHE—S LM 5RIT.

X7
Bra ) LihEEAE, WE%S], Transformer, B3

The Diagnosis of Neonatal Lung Disease
Based on Ultrasound Images Using
Transformer

Lei Zhang!*, Sheng Chen!#, Liping Yao2

'School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology,
Shanghai
*Ultrasound Department, Shanghai First Maternity and Infant Hospital, Shanghai

Received: Sep. 30th, 2022; accepted: Nov. 28th, 2022; published: Dec. 8th, 2022

Abstract

Neonatal lung ultrasound is a new technique that has been developed in recent years, and it is also
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a key technology to observe and diagnose neonatal pulmonary diseases. This study examines a
classification model based on deep learning to automatically classify negative and positive lung
ultrasound images of newborns. We collected the ultrasonic images of the lungs of newborns born
in the Shanghai First Maternity and Infant Hospital in 2020. Based on the Pytorchand Vision
Transformer, and combined with convolution neural network, a model is built. After many expe-
riments, the accuracy of the test set is 95%, the sensitivity is 98%, the specificity and accuracy are
93%, and the AUC of the ROC is 99%. The classification model constructed by the combination of
convolution and Transformer has a good classification effect on neonatal lung ultrasound images,
which is helpful for doctors to further diagnose and treat patients.
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1. 518

BEE AR 2 S BT HARMAW K, B2 EUE CBONIRIRIZ W R A T sk AR 2 — . FHOCER S
N G A AR S R SR BT T A, X R A DGR T H 4, SRIRBOZER AL 1 AR B A5 R 45 B DL 2L
S W PIAR 9 A8 A5 B[]« 24T, A 2 M RGBT Z 44 (Computed Tomography,
CT). REHLIR 1% (Magnetic Resonance Imaging, MRI). # 75 % 5% (Ultrasound, US) L Az X 52845,

RS, mTHEAREE—MERE, PTEE. REIZEHEA, M T EVEE R IR,
X W4, @A RE OO @R AR ECE WA R ARV E N e, o) ZHTIRKiZE. S5ikFE
B, FHOGIER 55 N Dt P G DR T A SR PRI S 2R 400405 o 7 75 A 2 7 I PR 1) o2 PR B 8 ) 2 2 I IR LB 112
W 59697, IR S A FA[2] . ik i e v [ 3] O IR B A5 [4] 2% .

PR 5% Jifi k8 7 (Lung Ultrasonography, LUS) & —Fi /5 12 Wil B SR o 5Tl 75 1 1
A DUE S b ied 60 4EAX[5], T Mk A B AALELE 30 AERTAR 2] T KRG HIFEAR[6] [7] [8] [9] {H/ZH
TR A R AR P IS B RIS 2 R AR 4 SO, TR T s R AE i A A N — EAR AR A
JUERME AR, X —HARIORE T, o 25 ZAOBM . X 528, CT &M MEmn,
DRSS T B A A A R i2 W, HRA S s R e vEmPE. R A ARG RO, RS
A AR+ 2R CE R RS2 N

LA, HLER5 S HEARTG B A R, AR IR B 2% ) B2 OB R TR AL, 76 B3,
SRIE T A, HLASEIIREE T I OV TIRZ R . fEERSET7H, VRN B2 Wit 2 BN 73,
H B AR AN TAERCRE SR . REE TS I B2 W B R SLl T =%
BRI, HIXLEER AR TR BN AR BURAE BRI 45 70 K48 o TR FE 2% 2] v] LUd it 5 AR 22 I 2%
NPEURRAE, WG T N THRIHEIX — I f2, RIEESRTH T TIERCER.

ARSI S0 = e R AR R AR ) L0 A PEMBGEAT TAL B], Pt Vision Transformer J2EAT 73t i 0 it
b TR R A AN RN 2 v, SIS AR ) LI R A R AT F Bl 02, R RO, TSR (FE
PE) SHEERER(BIPE), ATAHBhEA S WORE LR R BRYT « AR SCER 84 BN S0 A OC TAEEAT
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B, BACRAEERE . BARSRIESE . AR =0 AR R A5 s S8 DU B IR S 3 HAR A R 50 B
BIE ARG, HrhafRLRma R, A2 AR R EE.

2. RTHIEE

AL T 2020 AEAE LT B — 10 BR R B tH AR TR 30 AR AE )L, HRE 0~3 K, fiGkE 27~40 .
AR SEEIEIE BT A — A B R MERE AT, A I N B F .

SR LR AT . A ) LM 8 254 1iE (neonatal respiratory distress syndrome, NRDS). #7245
LT I e 1 U5 (transient tachypnea of the newborn, TTN). A& Z$W A %74 4E (meconium aspiration syn-
drome, MAS). NRDS & 45 H T % 57 ] 5] e fifi 76 26 [ P4 5 (pulmonary surfactant, PS) iR & 54k & AT Gk
Z, HIEATK, SEGHA)LE S A G HI AT VPR R M T SR I 5 v oy E I R R IR
R, 2 EE TR L. TTN XFRH A ) LT (wet lung of the newborn), FE &R R
FIE eyt HARE R, BESRRERMSE, LR ERIVER TR R M, ELHAR RE I EE A =
B, HUNEE(2~5 h)JG LRI A, 32 RN FIRIE R, B RN BRI A | MR RV .
MAS 2 iR JLTE B P4 B2 B IR NG 3675 G 1) 2 KT S 800 A2 ) L A2 I B AR 2536 o 32 B PR SR
MEREAE, FERIUAE R UM BFI R M, HEJLEK. fH . BrrsEsih=Ewm . %
i1 LT H LB L. 8z, AR ) LR H AR TL/INE P E S PR S, 75 22 o AT Ml
AR

2B A I R A 2 WG GE LOGIC P5, AN R FER L, #% 0y 10 MHZz~12 MHz.
WAL T ZERES T, BUMEML SMENML, CURRTZ . MU ZoNEEME, B AU ~ar. . J&
AKX, A X N RS, B3k 12 AN FRRIEA B, Jed A, AET RS
FP IR — A 2 AN DX 3 LA A7 R0 R ) B

XFTR AR LI A R, FEMSRIBAR A ML . A 285 B Zk[10]. MRk -5 il = i i) 7
T [E] 75 BT ) BT 75 S 5, FEIE IR 0L, MR el HR BEANEE IS 0.5 mm, i Ak ke . 3% )2 B
MRS, NFE. A RIET —RVIEEMHSHSREL AT S RS B 25 &y 1M
A E B, HLE BT B I S IR i B R R

BRSO, B USRS R R AR, WL SR, Jeld BEmaT i A &5
PR 2R S5 (B BE AT HES, RBLTEMW . 6 LU 2R R0 75, B A TR 1 ] 7 o R 3 B A 5
[FIRS A B Ra#H (A DHU LA B 26, Wil 1 i@ B ATR. 208k ) LA B i R e B, 2R i 7 1
B RN S A BRI B 2%, B ZigMin] W, Wil 1(b)~(d)Frw, Hrh, (b)EIAEH NDRS KT
A2 )UIBERSEE A B, () BN TTN BIHTA LI ESE 75 EUE,  (d)EIAEA MAS [3EAE Uik = A
N2 AT NRDS VK E I RE, 0B AL ) LE AR AR EAY 1980 g, RIS WP A AR 3 h JEARE, b
IS A s P R B A, R S H B A 2%, e —ERNRIT 2R, BIUIE DU Frirss,  BiliEs
A BRI C, MR IR, #5 A & H I

3. 1RBGH

Transformer 7E [ #R1& & 47 (Natural Language Processing, NLP)4¥ilsk CLBUfS T 4 KKK . Vison
Transformer (ViT)#t /244 Transformer 7£ NLP 45 BAR 5 4845 H 2 B 53 K455 b Alexey 558 A\ [11]
FIFH VIT RSk —ak B R 23 % > /INBR ) patches, FEBEAT 20 25804 « A< S8 st N G R 20 s T
AN, T AR I A AR DL R — S A AR B, P4 N2 Transformer W2, b8 A ) L0
BHAT . ARG MIE 3 Fis.
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Figure 1. The images of neonatal lung ultrasound
B 1. #E ) LBB R A AR IR E R

Figure 2. The recovery process of NRDS under ultrasound

2. #7& T NDRS {xEi3#2
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Figure 3. The structure of the model
3. XIERILEIE

Convolution
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ARSI AR TR A N 1) LA I a8 0 [224, 224, 31 = 44 B, {H& Transformer #5784 B R iy A\ fr) & —
YEFRE[num_token, token_dim]. & Jeff FHERIZ R/ A 16 x 16, ik 16, BRZAECN 768 [HEFR
EUE 5 A% 20N [224, 224, 315 914, 14, 768], T PR, EEUEM %5 @AY R, 2
B HHE % ON[196, 768], {HREFS 2 Transformer BT B0 —4E56 R . RIS, 7R —4EEPiE:— M KEN
768 (153251 & class token, HE#E & N1, 768]. H1 T FrA K token AH H 2 [AIERAEfAE BAZ H, Bty
)i classtoken A LA 5340 196 /> token H22 ) BIG HEME R, o R A4 classtoken (1% H i
GG RAIME RS B i oy a5 L, PHE G5 BIRIHE FE R /N A[197, 768], BIFS2) 197 /™ token, &34
token [Al R 4EfE R 768, A T IRFEMAN BG4 BAE L, HERIN B gwID M E, R 2% Devlin
N [L21/2bRi0, (S FARAERI P52 2] 1D A E gwhd, AR =t 4197, 768], Ho /32K & classtoken
(A7 B it 0.

£ Transformer Encoder ', & Encoder Block 12 /X. E#H Layer Norm. Multi-Head Attention.
MLP Block 1%, H&5HE A 4 fiizn. Layer Norm T X4 N ROEHE A—4k, TTHRTHIZRARL 2 M
Multi-Head Attention (£ 3kid: = UL [13]2 2T HiE &= /L% (Self-Attention),  Self-Attention /2 iE & /)
ML ) — 45 . Self-Attention A4 F (1), RQ)F:

Q=XW?*
K = XW* )
V= XwV
Attention (Q, K,V):Softmax{(\?/‘;_T ]V )
k

K@), FAFERE X AP RE LV E M BE RIS R Q  (AWAERE), K (BEFERE), v (fEHE
BE), WO WL WY R % ST RS EGERE . Q) d, R4, L SR T, RETIE Q

k
5 KTHIRFUT K. e 2453 )5 T 2 vk e i AE AoLBE S5 (B A3 BRI
Multi-Head Attention 2% Q « K . V B ZIAMFIAG 7250 L, FAF2HMardk4T Self-Attention
WL, BURB TR RS PHEE i, BRARHZRERANGMER. 2 TXE). X@)
iR o
head, = Attention (QW,%, KW, VW )  i=1,2---,12 ©)

MultiHead (Q, K, V) = Concat (head, -, head,, )W ° 4

XFW WL VWY RIS RGBSR, WO A TH L kR i Ba s, (R A
mtlti-head attention FJ [l B ORFFANAZ, I — M A /N4 768 1Y) 4 4 2 S
MLP Block H14:i#%#2 )2 . GELU %%, Dropout ZH&. HEEHWE 5 Fix, HbmANEHE 14
EERIE, 4EAERE token_dim FIMEARJFECR G 4 £, BIREFE[L197, 3072], &idsE AN EEHEZ G,
A 208 TN JFUR [197, 768] FL AKX NI(GE). K (6).
X =MSA(LN (x_y))+%, i=12,12 (5)

X =MLP(LN(x))+x i=12:12 (6)

X MSA FR L SkiEZ Ji#E, LN R Layer Norm, MLP %75 MLPBlock 24 B fHAE, x/ &% Sk
HEEIMEGER, x FREIK Transformer Block %t
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Figure 4. The structure of the Transformer Encoder
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Figure 5. The structure of MLP Block
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Xt-F Transformer Encoder %y Hi 8 8E, BN B a4 S rh 2 5] A 0 14925 M) & classtoken, A\ E 4
EREE, LR AR U G 2, RAERZHE R AR @) AR,

y=LN(x) W)
2 X B4 25 ) & class token FTAT N (K146 H .
4. SEHEIBR
4.1. BURTRALIE

TEREFE S W BCR A B BB AAE R 2 SRR R TIE B, IR EAEN E R EBOGRE R
(A Fox R A BRI AT T ah B4t SR MR K/ 816 x 614 15 %, fR B TR 46 M (1945 ., 1/ Matlab
H imerop BREL, KRB BT A 500 x 500, FHEIT imresize BREL, KRG SE LB 4E /N A 224 x 224 1%
o FEaEEG K 6 Fron, TbE G EGE 7 Fis.

Figure 6. The original image captured by ultrasonography
[l 6. BAIZEHCRENRIREIK

Figure 7. The image after pre-processing

Bl 7. iEmaEERIE G
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4.2. EEIIZ

AR S AR A 3k 600 TR AR LIRS ], E04E 300 5K I i 7 AN 300 KAk 1
% 1 300 sk IEHE ARG S, 270 skEHENZ S55%E, 30 5K H/ENASE: 300 5KA 7% 1# =
W, 270 SRIE BN S 500E, 4 30 sk AHEMRSE. [FE, 76 540 sk T EGH, % 8:2 )
LRI IR S B0 EEE o 7R 5E OB AR M TIAL BE 2 J5, & Pytorch A%, A 52 NVIDIA GTX
3090. IR E N 0.01, R A 100 k4. Bl BATCH_SIZE %4 100, STEP %4 600, 1
H VIT 4845 lamgeNet-21K FFRIZRIVACE, WHEASGEAT ISR, AT 1 5 IRSESE, 5 RS ar
HEAT, BRI AT R LRI 2 1 2R 5 Ak .
4.3. VT iEER

N T B R T A ) L e A R 43 SRR, SRR AN AR [ i b o B 35 AT 1E A% [14] [15]
[16]: 1EAfZ (Accuracy, Acc). FEHfiJE (Pression, Pre). s (Sensitivity, Sen). #5571 (Specificity, Spe).
Acc AU F T @), &8 IR IR EcE 5 1030 B B 4R S0 A s Pre A R T (9 FTR,

e i IR PR RO AR B H AR T A BOAE BV EEE 2 i i L. Sen A sUEn N s (L0) o, R ARAERT
A PR EE B P IR AR 0 R AU EER ;- Spe A3 R AT (L) R, —ARLEFTA B PE RS th R i iR

AR
Aco—_ TP+TN @®)
TP+TN + FP + FN

re=— 1" ©)

TP+FP
S L (10)

TP+ FN

™

Spe = 11
P IN PP (11)

Hrr, TP (True Positive) /2 35K B PERE A IERH 70 250030 TN (True Negative) & 555 B PEREA IE#f 23 251
AN FP (False Positive) & Fia b B PERE AR R 0 2204, FN (False Negative) & F544 BHPERE A 125 2
N4 HRE R A F 8 fr .

Figure 8. The confusion matrix of indicators

8. I IRRR B REME
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AN, %k TAFERAE 2 (Receiver Operating Characteristic Cruve, ROC) iz e SR M 5 57 M 3% 4
BRMGEE TR, E—ERE LT UR/R H K380 70 K808 AUC R ROC 4k FITHAR, FILAE

S Sz B 4 2R R
4.4, SCIG4ER

FEIX 5 AR Zerb,  INZREERIF-HIUERAZR acc v 0.935, “FHI#12k % loss v 0.210, 3GiFEER
FEIHERFE 0y 0.893, ¥4 loss 4 0.279. X TMlliA4E, FR4HA 60 K F, HERIMT R 1 PR, Acc.
Pre. Sen. Spc PUZRFERITPALFa AR T 3 2 Fion. [FIEF, 7835 3 /1, BATEXARUSLIHE H M8 5 B [
— LR AT LR, AR ZE % ResNet, JE T2 S HG IR EH LML ShuffleNet DL Sz 5

TR BE T o3 B 5 A0 R B P 4 N 4% MobileNet-V2, SRISIEAS R Y i s id s 2 .

Table 1. The results of five experiments
Fe 1.5 XL MmN 45 R

ok TP N FP FN
SR
1 30 25 5 0
2 29 29 1 1
3 29 30 1 1
4 30 28 2 0
5 29 28 2 1
Table 2. The four different indexes of five experiments
= 2. 5 REWAR RIS
\;;j;ﬁ:ﬁ\]fﬁfﬁiﬁ\ Acc Pre Sen Spe
1 91.67% 85.71% 100% 83.33%
2 96.67% 96.67% 96.67% 96.67%
3 98.33% 100% 96.67% 100%
4 96.67% 93.75% 100% 93.33%
5 95% 93.55% 96.67% 93.33%
Average 95.68% 93.94% 98.00% 93.32%
Table 3. Comparison with other classification models
= 3. 5HMREIIEE
Ve Xt Acc Pre Sen Spe
ResNet 94.00% 92.65% 90.51% 83.33%
ShuffleNet 91.50% 96.63% 85.76% 97.07%
MobileNet-V2 93.66% 98.54% 88.47% 98.69%
Our approach 98.33% 100% 96.67% 100%
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MFE 2 RETLE Y, 20k 5 sk, PRI Acc CUAEI T 95.68%, fUEME Sen. AEHASE Pre.
Ri Pk Spe ik 90% LA F. 55 3, EEC T A LA ROR S IR BVEALFRARE, FTRAEH, FCRHE
ANUNAR SRR

IR SLIR A5 R, 22|t ROC ik, Wikl 9 fvn. MEIHPTLIEH, P AUC IAH] T 99.53%, i
AR AR ) LI 0 8 75 MR I o S RBUR BT

S
- -
2
o
2 -
g
2
E
Q
2] < |
=4
N
S — R1 AUC: 0.9989
—— R2 AUC: 0.9989
— R3AUC: 1
— R4 AUC: 0.9844
2 —— R5 AUC: 0.9944
I T T I T T
0.0 0.2 0.4 0.6 0.8 1.0

1-Specificity
Figure 9. ROC curve of five experiments
B 9. FOREYEHY ROC BhZk
5. B4

KA A RRW], AR TGN EE, AR — MBS VIT ARE5 G A AT DLSEE Bk
LR B EE 7 B R B RF AL R I R 7338, IF Hop SRRCREF « A F R e A Bh B 2R 2 Wl A L2 15
T B IS, PSRRI AR, i TAE IR, R RERS IR B A LA RER L ER i AE . (H
AR AR Z AL, ARSBRBARERIEARR D, LR RE S B & [N, 2 A
ikt — DA S5 . KSR SEARNIRKSWS &, BHEARHIRR 557,
EE&WH

[ XK H ARl 2 4> 81101116,

&E 3k
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