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Research on standard section recognition
algorithm of echocardiography based on improved EfficientNet

XU Chun, LIU Qiaohong

(School of Medical Instruments, Shanghai University of Medicine and Health Sciences, Shanghai 201318, China)

Abstract; Currently, in the treatment of heart disease echocardiography is a common cardiac examination that provides information
about the shape and function of the heart. This paper proposes a recognition method of echocardiographic slices based on deep
learning technology. Using the EfficientNet network model in the convolutional neural network, and selecting the BO structure with
fewer convolutional layers and fewer parameters, in the network model the CBAM attention mechanism is added to realize the
learning ability innovation of training by improving the number of channels and spatial information of the model. In this paper, after
data processing of the CAMUS public data set, the improved model is used for training, and the final accuracy of the network model
reaches 99.7% of the recognition accuracy. On this basis, this paper uses PYQt5 to design a system that can automatically identify
the results of echocardiography. It is demonstrated that the system can help doctors more intuitively and conveniently identify the
category of echocardiography, reduce the workload of doctors, and improve accuracy and efficiency. It is of great significance to
improve the effect of clinical diagnosis.
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# T ) ZMHF5E . Ebadollahi %241 R & /R A]
KBENLH AN 45 G S 1) LR = AN DJ T (0
R DA LR AR E VT D) #E4T A 3h a2k
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AT —Fh 22 T S IR R AR IR 1 )
] FVE R R RE DN S35 o0 2K 4, % 3 AU gE4T A 3)
o3 HuO R TR M o R AL E] T 91.2%, .0
DU () 53 ZE HET R S 89.6% , Snare ZF2p 8 R
FRIR S de M B JE AR B 50 B B A SR 08 1k
XL AR AL AR I 5 AT 5028, e 28 1 58 2]
T 86.48%, Khamis %23 1 fff Fi] B 7 L ) Oy
25, I8 i I 2 R R IO VA SR IBURAE | fie i R 7
OB A RS O AR T Ji R AR = 8 19 43 2K
WRIBFN T 95%, ITAER  BIFFE AT I UM 248 0 4%
( Convolutional Neural Network , CNN) 7 [E 1% /325401
BIRAS TS IR, IR Z 098 A GO iR 2200 T 45
FRR 22 0 28 f Xof 8 7 0> gl P s 4 U0 TR AT 03 2
Huang 2527 5V R VGG16 W 4% Hh ) 45 FUZ B
J5AT UNet 026 Hh i e 4 i A2 S R RAAE , 72 S TT
FEAR 13N B W, SRR 7 0 Bh [T LA (Left
Atrium) LV ( Left Ventricle) .MV ( Mitral Valve) A7
430 R 03 kB T 93.5% ,91.5% M1 75.7%
Wahlan %5243 1 FH 4R R B =48 238 85
PRI G 4 oo o TE AL AR5 B TR B
P22 28 1) 4 8 999812 ( Long Short—Term Memory ,
LSTM) FIKE T 2l 2 5 5 1) 75 148 0 A 3 4 T 4%
( Variational Auto—Encoder, VAE) S#t17/432%, B
ERTI IR IR ResNetS0 11 43 36k W 4% | 9K )5 R H
AR W 5] B A DG, #3 T ResNet50+LSTM
R TR A 482 JBC 24 [ 45 e 71 ) P AR, 0 28 HE
HIRBNT 97.9% , PEEAAH PRI T —Fh LTI
A RRUR 25 0 2485 TRUi) i 7 3l BT s v D10 T 419 07 1%
BEXT R PR O 2 i R DI AR Z S B B,
A TR I M (v 2R A IR INA T B
P4 7RO ARE BE i/ TR B S8, R R
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(1) BF X8 0 3 B b 0 T A 000 43 28, i
1T 3T EfficientNet [ 2R B AL 7E
B 1 B LR 25 W 28 4578 EfficientNetBO f%) J& il
AT e e — R BRUZE AT CBAM ¥F
BIHL, BETH R 28 AU B (A5 25 B R
JEA BT

(2) FE T — AL 0 2 RO D s 1) oL
JIFE P A A

(3)FIH PYQUS ATk T B & T — 4%t
RO R AU RS, s EIEL
SO, 7 E B 55 G o R AT B 3 DT T TR
1, BB ATE BT, o LAJG B8 KRB U T H iR
SRR 5 I AR T LA

1 EPERM

1.1 EfficientNet

EfficientNet''™ 4% % & H NAS ( Neural
Architecture Search ) 4% A 36 8 22 I’ 2% 1) & 15 5is A5
B 48 TR DL RGE 8 (1) 58 B = A S8R )
AW, mAHRL k- D RMNW SIS,
EfficientNet—B0 FJZ5H W3R 1,

%1 EfficientNet-B0 &35
Table 1 EfficientNet—B0 model structure

Stage Operator Resolution  Channels  Layers
1 Conv3x3 224x224 32 1
2 MBConvl,k3x3 112x112 16 1
3 MBConv6,k3x3 112%x112 24 2
4 MBConv6,k5%5 56%x56 40 2
5 MBConv6,k3x3 28x28 80 3
6 MBConv6,k5x5 14x14 112 3
7 MBConv6,k5x5 14x14 192 4
8 MBConv6,k3x3 X7 320 1
9  Convlx1l & Pooling & FC 77 1280 1

MR — 2 N —A 3x3 R TZ B IE SN
32, 0 X2 S5, i A BRI K /N 224224 45
N TI2XT12 IR/, 55 2~8 R RREEHEZ ML
F LG5 B R () T-45 0, FR=2Z 0 MB Bk A5
P e R S5t FR AR [R], RO R — 2l A S AL K
INFIEE TR EEAS TR, 3490 o 45 30 R R 2 1
RIS, )5 — )22 1x1 RN b4k 2 A
EEENAE A AR
SYRIATSS T LA ok 2.
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B, 4. FETFUGEAY EfficientNet 78 7 0 30 AR D) T VR 5 559 5 95

1.2 EEANE

TR I ML —Fh b 28 I 28 B AL v AL o
VERIZ0T S Sk A AFAE B F BT AL R 45, A
17T B G- AT P A BRI e 0 g R R 4 Sy s =

TERR W2 b 2 AL AT LU R 28 AR AN [m]
JEG% b 0 AR HEAT AL, DARE B G H A i A
Bl B TRV RRAE o XA AT LA AN W] AL A
SEBR  An TAER BINAR TR B A A
THE BRI

TR IRV Z P 2 0 25 1 F v 5 o 22
AIVERT, 40 B AR TR AP SR | T2 TR 5
S TT LA Bl D) 246 T de- b B A Al A BSCH HR 19 J 5R
I n S WNTIIE = T - v e [ RN =3 ]
PRGETE R SIPLH , 38 5 4 4 Jm BEGR AJ HUAe 2E  A
TR HARDX I, T 5 XX — XS A B 2 0 )
BRI ARICE 2 5 B AR A G401 15 5, 07 20 oAt
TERAF R JE b X R AT LA A R A 2 ) 5%
PRI AR 2 P PR 18 1 55 B A5 B

H AT V22 SR 7 2 D HLRIAC Y DL J2
Ha— S DL AR R

(1) FEZ JIHLHIFAY ( Attention Mechanism) ; X
SEIRCREA I T B AL A 2 B T o A B F—
LA Z 50, T T i A B EA T A, X A A
Bz N T HARE S AL BN TR A 4

(2) H & & J1 #L#l ( Self — Attention

Mechanism ) ; 33 2 —Ff 3 iy A B8 A2 By B[R] 25
() = IIHLE], AT LALL 28 76 [A] J2 9L X A
BARHATINAL, X AR 2 W T H AR S AL
BT HLAL b 25 0

(3) e & F & I HLH ( Dynamic  Attention
Mechanism ) + 33 J2&—Ff 5 i A KICHE 704 i [a] 25
M EhA TR JIHLE], ol LA A 35 R R B A S48,
AR Iz T A SR L B AL
EXTEC

(4) 4 Jay 1 2 1 ML #| ( Global Attention
Mechanism ) « 33 i — 4 Jay {3 5 ) WL AL 3a 4k x6f
JIEAR R T 20 i A B A TS B8 B B b Al B
AEHEP R, X ARz N T A AR
TS AL BTSSR

(5) 3B 1HE Z 1 HLHl ( Recursive Attention
Mechanism ) + 3 J&—FfHE 38 M 4544 19 5 1 2 1AL
AL AT RIX R 5 5080 R AT A, X AL )
Z T BRTE T A4,

X SRR S AT AR B AT 89T AL A
AL HREA AN [F] B s R 357
1.3 PYQt5 E& SR it &t

Qt 2—MEFEM C++IF R, EEAEF &
B H P SRR 7, PYQUS 2 3 T E B 12 7 #fE 42
Q15 1) Python 5 5 SC 8L, 1 — 41 Python BB AL,
PYQUS B 5 0 2 Ak TR ILER 2,

F2 PYQt5 #EHRIhAE
Table 2 PYQt5 module functions

=2 [TE5X ifig

1 QtCore ALY F AL FRAS (5] SCPERTE % 4SRRI I URL \MIME 289 2R ol fh

2 QtGui WSRO RGN SR — 4 RIE A G AR SOAR

3 QtWidgets FEAPEFARTE QuWidgets BLHLHh  IZAH R H P A B4 T —2 UL T &

4 QtMultimedia IZ AP B T T AL B AR N 25 R APT SE U5 IR LA S 35 AL

5 Qtbluetooth PRI S R B R R HI P T S 3, AP & T s R I XS
BYF TCP 1P il UDP % J7 3 R IR 55 25 B B , 1 X 245 S AR B 45 5y | B fe 485

6 Qtpositioning A5 S A AT RE ROV B 1 B 36 TR\ WiFi  B— AN SCAR S

7 Enginio PRSI T & P IRV Qr 2 IR S5 FRAE I 1 R ST 18 1 T

8 Qtwebsockets BEHeA 2 508 WebSocket HHIE

9 QtWebKit A5 — LT Webkit2 EI451E Web ] %25 50802

10 Qtwebkitwidgets A5 A2 B LR webkitl — F T Quwidgets [ ] Web 31 55 #5 A9 SR

11 QtXml {35 5 XML U2, XA,y SAX R DOM APT #2441 528

12 QtSvg PR T /R SVG U A RYZE, AT L BEIE (SVG) J&—Fh ik — 4t KDE Al EE
N E S

13 QtSql R LA P 1 2

14 QtTest

A5 ITIRE , 0= PYQUS IR PP ) B el i
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1 233 H) EfficientNet #8454

Fig. 1 Improved EfficientNet model structure
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e RAEHALA FC 222,
2.2 CBAM FEENE

— MR, X TRV BE A4 T AT LS gt
U T8 B w3 1 B R A R R Y AR R S,
ResNet 45 fdifo A5 1 £4 1 fi s v LA S 100 JZ LA F
1l CBAM ( Convolutional Block Attention Module ) {3 &
JIRIL A D) e DS AR %) 3 R 2 () A ] 8 4 B8 0 A 1
BRI BRI RE SR T H A

CBAM [YZEFUNIAT 2 fr7n . CBAM B Ib40 %
2 TR 43528 CAM ( Channel Attention Module )
F1 SAM ( Spatial Attention Module) , ZidiXFel &,
RRA AT LA 0 e S A RO R AE b AT
LZHORITR T,

CAM HIZERANIE 3 firzn, w3 FTLUE 2,
A HPRFIE ] 433 28 32 4 Ry o Rl Ak Fn 4 Jey ~F- 2473t

1B, #7338 2 A4 IxDx C ARFAEIRL, 3k L C 2 d a4
B FRIE R A — PR RPN R 45 i
W 268 it O AFAEEA T I T OT R N AR, fe e &
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Convolutional Block Attention Module
Input Feature  Channel ati Refined Feature
Attention Spangl
Module Attention
Module

B2 CBAM £ig@E ">
Fig. 2 CBAM structure! ')
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AvgPool
Channel Attention

Input feature ¥ Shared MLP M.

B3 CAM #&a(12]
Fig. 3 CAM module!"?!
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Kl B e 25T T B 4 Jm B Rt A A 4 )R
AL AR 2 NIREEA 1 BRHIE IR, 2R A X 2
AMFRIE AT S PR IR 2, #E &
R E R 1, 40t Sigmoid PREA
A TE R RE ., @ Y 2R A RECE P W
A SHCEINA R, S WK B 22 0oRS 1 ilcE X 4> 1
T, SEHIAT B T IS BRI 2R fn 2 >

Spatial Attention Module

conv
layer

Channel-refined [MaxPool, AvgPool]

Spatial Attention
feature F’ M.

B4 SAM f&He12]
Fig. 4 SAM module!'?
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W T RE PR r 8 e 45 Sl HA 140 sk & A, T
Rk EUR AR NBAS A A]F] . REE 22 2] FOR T
B Y R AT YN 2, ] i A T 28 A58 1 R
82 e NS N AT A B € SR ey € i T R DIV
(R4 B

Baisn R B E S Ui, HES vl A AL
3R TR AR BEALER BT, R BT S OKOF
THEE TR AR MR P R 2 L BH A 1) vl D B e
YT 848, BdRAERG TR A R TR ) B 2N
FRIE 38 R AR A 4005 S8R A e | RELE R ) A
TR N7 5 g P A A5 4, A AT AR R R A Y 4K
P SRR AN 78 5311 7 AR B A FULA )

HOA) AR5 BERLEL ST i ST
KV B ¥ HRER IR e 1
5 HEigiE
Fig. 5 Data augmentation
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/ 0.8 a
06 41 S
3 S
Sosf 0.7}
04 — 0.6
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B

FEINE

22 3 ARSI BT A R 2 T AR R IR 1
B A5 Intel (R) Core(TM) i5-12400F 2.50 GHz 6
KAk PR 8 NVIDA GeForce RTX 3060 (12 GB),
Windows11 T;T%’T/E/%?L,Python?)j éﬁ*%iﬁg\PyCham
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#3 LWiEE

Table 3 Experimental equipment
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{5 i 5 B B 85 SCHTE
BAERSE Windows 11 %M1 64 44E R 4¢
W 16 GB
B NVIDA GeForce RTX 3060
PLSLE Intel (R) Core(TM) i5—12400F 2.50 GHz 6 #%
LTS Python3.7
TREE2F 2 HESR PyTorch 1.13.0
CUDA JiiA CUDA10.1
3.3 IBER
3.3.1 ZHAE

& 6 43 )22 2 R B o 0.1 ,0.01,0.001, HiE
SEAENE LT WHER R A2, B 6 4
Ll 2 NG af R, 3 (O i 2o RIE e R,
Kl 6 3BT Al AT, 225 ) i B ok 0.1 B, 2R A
FE It Him i % UF 0.87 247 M%) Kk
B4 0.01 F10.001 B ERRFREEHT 1;{H)&2% 20 %
WE Y 0.01 By, Y125 R8I S s s b,
W ARSI A S R AU R 0.01

2.5 50 7.510.012.515.017.520.0

ep{)('h

(a) %N 0.1

2.5 5.0 7.510.012.515.017.520.0
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Fig. 6 Training accuracy chart

3.3.2 FEAKGEE

Pk R AN 23 5 Y EfficientNet I 2545 5B & 4
SanrE 7 & 8 fra, B 7 & 8 43 i gt A
PIHER R PR AR i 2, &1 7 D 8 v, B A
HB N YN LRI A E; 20 B DA b 28 7 DI 25 110 E 1
A A EFR ARG Bk B, L RR
Yk, o ph 3R TRAERI Ak, MR 7./ 8 /]

DI et 5 AR AR I 2 Eb et mig I 2 SRS e
PR SUS HeAetR, 7E 5 R JE Ml T, ik 8] T
99.7% (AR S HER %, UF B 2otk J5 i A R ELAT T 4y
AR . 534 AR SR 100 3k R4 9 H 43 ) S
BB R A S Y 0 25 B R AT T SR AE
R EYEREXT L LR 4,



98 o ok /o5 M A %14 %
0.7 train_loss 1.0 train_acc
val_loss val_acc
0.6 oS 0.9 é\~
0.5 — i L
0.8
o
P 0.4 g ~
=03 0.7 i
— 2L
0.2 06
0.1
0.5
0 25 50 7.5 10.0 125 150 17.5 20.0 0 25 50 7.5 100 125 150 17.5 20.0
epoch epoch

(a) BAARAEAEA L

(b) HEWRAL LR

B 7 ButwEiiRkinEmRT AL

Fig. 7 Loss and accuracy change curve before improvement
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Fig. 8 Loss and accuracy change curve after improvement

R4 WHAEERL

Table 4 Comparison of indicators before and after improvement

R b
FARL 2 P
Precision Recall F1 - score
EfficientNetBO 0.923 0.919 0.919
EfficientNetBO+CBAM 0.997 0.997 0.997

th# 4 0] LB 1, 7E Precision {HF F1 — score
|, EfficientNetBO + CBAM 1) 2H & % 5 %2 4 T Jit
EfficientNetBO 5 5  §IE B T A< S 55 450 1Y 2 i 1 4 3%
%,
3.4 PYQtS HEKMALR®E

ARSAEH PYQUS HARFEEE T i by #7503l 1A
FRUEDITHR A R G, Wi ETE AL A AT 2 A X,
T2 ST 2 R A AR RS R X, R B 1
DR YD 2 A2 0 s, A O 35 T DA 7 T
SRR AN ERA T T 2 AL, 43 g A
AT YN YIRE . & T F 28 BoR ik
T2 GER A4 I T FE AR RN 2R B8 B G SC T
3N 9 (K 10 R

E9 PYQtiRZFEE

Fig. 9 PYQt recognition interface diagram

E 10 PYQtXTFREE
Fig. 10 About interface diagram of PYQt
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R, A5 FET MR EfficientNet (48 7.0 8l TR DT TR 50 5205 99

E 11 #gEEARE
Fig. 11 Select samples interface

Ve T ARSI REAR B G, A R0 ) T 4
FHRT RATR S H MR A 250, ] DA TE A R0 2
FLOARDY 25 12 FE 13 s,

B12 DRIFIRANER

Fig. 12 Recognition results of two chamber of apex cordis

B 13 RMEiREIER

Fig. 13 Recognition results of four chamber of apex cordis
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WA FARPGE K BT 2 20055 B4
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2f ) U R — N A B AR SR AR
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.
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B AR TR DY ) 2 A b v B T G B0 4
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(1) A 25 IO 4% A5 A5 ST B X6 R 75 00 3 TR U0 T 1 1 3R
A, e ZUNMER R RS R 5] 99.7% , TERGE LR T
RS EfficientNet A58 Jf FLAG I 8 B AT L3k )
33 PFS, iCiRad 7 AN LI ek B, AR RBF A
A 2 ey I8 A X P 0 3y (B VT T 9 3R 1) R 8 AT
iz FH I B R DG S0, Ay JH B 403 ) [) 255 [ R
HET g L

FSRASCHY 7 e O 3 Y0 TH A s
AH REFRCR B RAR R WARTE— L85 PR,
FEEH .

(1) PRy U 28 ) 4% 5 Rt ) S5 A )l
G A SO BR S R A TR A B A IR BE Y
FoBA B, F AR SR AR IR E] 99.7% , (H 2 BRI
R RNZ AR ) R T 2 B AR R B IE,
FET 2252 2800 50 A e S fin 4 T b A 0 A5 A5
B

(2) ARSCETT ) PYQu ST & — 4 fiaj i 2
7, PR BLIE ML B B W g 5o SEpkrh iy BT
Wt ZR T — A & R AT AR AR s
e fii i,

(3) MRy iy W 25 A HUE IR 4028, X T
I PRASHIN SR A V0 I B, AR AR — e R LR s
7 T AR SE BG4 55, (2 A8 B A o1l A ) I
T EE 2 IR AT

BEXT LA b Tl Rk iR 58 22U 4 DL LR
JETT .

(1) BIFFEIR BE 27 20 v i) A O B0 I 26 3k A T
DITEEAR AR A TS I S5 AF T 48 FH AR ORH 0 R 25 2
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