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Improved ResUNet for automatic segmentation of left ventricle
in echocardiographic images
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Abstract. Left ventricular echocardiography image segmentation plays an important role in the diagnosis and treatment of heart
diseases. However, due to the complex structure and diverse features of left ventricular echocardiography images, automatic
segmentation remains a challenging task. In order to improve the accuracy and precision of segmentation, this paper proposes an
improved ResUNet algorithm for automatic segmentation of left ventricular echocardiography images. The algorithm is based on
ResUNet as the basic structure and has been improved in three aspects; Addition of Inception module to extract multi—scale and
multi-level features, enhancing the network ‘s perception ability of information at different scales; The introduction of attention
mechanism enables the network to dynamically adjust the weight of features, thereby paying more attention to important regions and
structures; Using LeakyReLU activation function to enhance the nonlinear modeling ability of the network, further improving the
accuracy and robustness of segmentation. To verify the effectiveness of the algorithm, this paper conducted experiments on a dataset
collected from Shanghai Children’s Hospital and compared it with U-Net and ResUNet models. The experimental results show that
the Dice coefficient and accuracy of the algorithm proposed in this paper are 92. 38% and 98. 73% , respectively. Compared with the
results of traditional U-net and ResUNet algorithms, the Dice coefficient has been improved by 5. 03% and 1. 71%, and the
accuracy has been improved by 1. 37% and 0. 91%, respectively. This study provides an effective solution for automatic
segmentation of left ventricular echocardiography images and has clinical application prospects.
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Table 1 Parameter settings for each layer of the proposed network

A AR BRI PRI Hig i R
ResBlock (1) 256X256X3 3%3,3x3,3x3 1,1,1 256X256% 64
ResBlock (2) 256X256% 64 3%3,3x3,3x3 1,1,2 128x128x128
ResBlock (3) 128x128x128 3x3,3%3,3%3 1,1,2 64x64x256
ResBlock (4) 64x64x256 3%3,3%3,3%3 1,1,2 32x32x512
ResBlock (5) 32x32x512 3x3,3x3,3x3 1,1,2 16x16x1 024

FREEZ 16x16x1 024 2 32x32x1 024
ResBlock (6) 32x32x1 024 3x3,3%3,3%3 1,1,1 32x32x512
[ oRAER 32x32x512 2 64x64x512
ResBlock (7) 64x64x512 3%3,3x3,3x3 1,1,1 64x64x256
FREE 64x64x256 2 128x128%256
ResBlock (8) 128x128%256 3x3,3%3,3%3 1,1,1 128x128x128
FRAEZ 128x128x 128 2 256X256x 128
ResBlock (9) 256x256% 128 3x3,3x3,3x3 1,1,1 256X256% 64

i 256X256%64 1 256x256x 1




66 oo ®m M5 M OH

16 %

HER ML

1k
3x3EM

LeakyReLU PR %L LeakyReLU PR%L

3x3 &M U1k

ELER 4 3x3EM

LeakyReLU A% LeakyReLU PR

- 1L
ERZ
Inception f&
FSREE
(a) Hi%e% (b) fifhd

5 #mfSSEFNfEADEE Resblock Z514

Fig. 5 Encoder and Decoder Resblock structure
= A
2 3Oy

2.1 BHIRE

AR ST R 0 75 0 Sl U BUE BRI T
W LEEBEBE, ™A ST R E ARG B B0, T
A A S H I B 220 e AR e b B W AR AR AR
RN ZATIAS ARG B X b s o sh
PUATEANIE 53 T 0 W 2248 ) R 0T RGO pkae 17
S EF ok 5 AR e HEEMR . R EE H 10
PEANTA] R AR P e B 500 5K IETR . AR SCE B
T 400 FREEAE RIIZREE 4 T 1Y 100 5K B15 4 )
Iy FIRRAE . A SCREFE LabelMe #40%H £ d 4 rh A
O3B X IRAEAT T hRVE
2.2 SCIOIRER

ARSLEGTE Ubuntu #27E R G5 T #E 47, £ H
Python 1E A 4ifRiE T , HAKFET TensorFlow HEZE K
P T 55 (AL R, SC IS BT ffE A Y GPU S R
NVIDIA GeForce GTX 2080Ti 16 GB % ff GPU,
CUDA WA A 11.3,
2.3 EgmaeE

7 G AEAE T ALAS RSk AR E AR B 1
PEMIAFAENT L BE AR AL, DA R BB 7 BE S e i
el A5 RGP A T B RRAE , U0 U 25 0 B4 30 % R 2 40
(R ZCEE AN T BT , DA T 5 1 12 W R 3 A ) T B 42

el EUG T, AR SCR A CLAHE (6 B FR A
FE R B R k) P ik A b B, CLAHE

IR E B i /INB, 2% A REAT BT B3 A, 3 58
JRyERARY , [RIT BIR Xk bE BE AR 1k 3k BE 3 5, AT AT
FANHIGE . ALFEFS  CLAHE 47 SR VAR (E, (145
B [P , £ R UGG GRS R RFAE

CLAHE RYBRES AT < 1) B EUR 73 ik 2/
B 2) WA /INGT BT 18 O R4 R HERE BRI 5
3) MBS/ NGO LT RIS A AL 54 ) il FH WU A A
{EIT AR/ NRZ [ I A

A/ NP Y AT DU R ZORIT PR A

s=T(r) = (L= 1) [p,(w)dw (2)
Hor r BN R R R A s RHIERER
{85 L 2= EME AT RE A9 52 BE B B 8 5 p, () J2 12/

He g ZE A3 —1b 2R %,
i CLAHE FiAbH# A9 5256 4018 6 fTw .

Original

0
100
200
300
400

500
0 100 200 300 400 500

(a) A
CLAHE Enhanced

100
200
300
400

500
0 100 200 300 400 500

(b) AbHFEI%
E6 [RE(a)fi@Eid CLAHE FAMERE&R(b)

Fig. 6 Original image (a) and image (b) preprocessed by CLAHE
2.4 IKREH
A2 SR 2% BT ( Cross —Entropy Loss ) /2 J& 5



12

ML, 55 — PRkttt ResUNet B 250 % 750 sl B A 8l 7 E1 5 67

W B PG 53 S LA B o IR S SRR, 1T Dice Loss'™
AT DA TR AR 5 S X 43 IR B . % Dice
KRGS IG5, T LA B A AR B A ) o
XA TR B R R B S e . R R A AL
P& 27 B ST HITE 55 B iX Pl 20 5 38 o] DL Ik L o
— R PREC A P A5 R

A& UG R R AU T =

N
Cross — Entropy Loss = - 2 [ylog(y,) + (1 -
i-1

yi>10g<1 _5’,')] (3)
Dice Loss {1 F= .

2 x Z%&i

=1

Diss Loss =1 - ———— (4)

N N
;yi + ;yi

Horlty, FRH i AFEA I LIRS sy, FORE
ANEEAS BTN 255 5 N SRR B SR

PB4 G 5 W s T =X

Combined Loss = a X Dice Loss + 8 X Cross —

Entropy Loss (5)

o F1 B PN AE B B ZR H, F T 9115 9 e
PR REE SR h Y LL L,y 1 2R A SRR I R
1 Dice 5t R 7RI Graz A v A 52 e, A ORI 1> 431
RRBIRCE o F1 B IE R 1,
2.5 FFHMERR

SR UEAR SCRRR X 2t 3 MRS I B ROR A S
F T Dice RECSUEN SR (Accuracy, Acc) NS
FRATA3EDRE BE AT PP, Dice 285U Ml 701 45

(a) JRE (b) #riER

(¢) U-net

FESAEAARLEE an A2 (6) , T HERH 2 (Ace) W45
T FF A F I AR G e an A 3K (7)
Dice = 2 (6)
2TP + FP + FN
TP + TN

TP + FN + FP + FN 7

Horp TP AR 3 IR A TN A 1 2R A BE AR Ki ; TN
e A 0 A 7 S AR AR B, 5 FP 3R i 15 1l T
SHIEZEA TORE A B 5 1 PN DU 8 58 T80 o 671
FMIEREAR
2.6 KIEEEE

ARSCIZI R T d H 2HE () ResUNet 575 A1, i
{#i LS B9 U—net F1 ResUNet 3835 75 FIr K42 2] 9 4K
Pt I IEATSLG I T A EIROR I H A, BAiE SR Y
SrEIRCR

TESZIWI AL Y BEfd 1 CLAHE 75 15 % 50047 45 &)
BTN, ARG SR BRI i, A2 P26l b AR
SCRHT Adam PRABSR:, NI ZRad B Ae ik
h 100 ; B A T FEABR B R 45 00 hR% S R
BEE K 0.000 1, {8 FH Dice 1 Ace VE R4 5145 51
TN FERR
2.7 GBRESWH

WE 7 PR, WA BT HRUR O 260 25 8 75 AR
Fels B E KT sl bR 13 P U —Net 43145 S 1
ResUNet 43 #1455 [ A SCRE J5 1) ResUNet 431
gERLE TR A 43 B 45 R E GOk A, AR SCiktt
J5 %) ResUNet BHUAHHL T4 48 U—net 1 ResUNet Xf
F RO RGNy B 4,

Acc

(d) ResUNet (e) AN

E7 XBHINER

Fig. 7 Experimental segmentation results

A SO R 2t 5 9 ResUNet J7 ¥ 5 14 4t
U-Net ResUNet J5 %75 100 skl 4L & F 1T T
IIEIEERRT I, WAk 2,

X5 R , AR SCE L) Dice R2E0CH 92.38%
HERI R R 98. 73% , 51E4: U—net F1 ResUNet 55.72: 45
S G, 7F Dice 280 E W4 E T 5. 03% F



68 Bk

it 5

L5 8 A

16 %

L. 71% FEMERRR L4 al8e & 1 1. 37%H10.91%,
%2 TESEFEERLE

Table 2 Comparison of results from different segmentation methods

%
Ik Dice R % Acc
U-Net 87.35 97.36
ResUNet 90. 67 97.82
AR 92.38 98.73

3 RiE

AR SCER X A2 0 R 7R 0 B EUR A sh BRI
IR FIE S SRB I  P i R I B I e B L i )
ResUNet #8855 A Inception ik 7T 7 S L]
DA% LeakyReLU i bR Z 3 58 00 2 19 415 IE 42 HL
FACERRE Ty, I e T ) L3 R B WA 1 B e 4
AT SEEG IR, A TAE S U—Net Al ResUNet
BEAY R SCHRE AR U AE Dice 2B B B4R R T
5.03%F 1. 71% , TEAERRF L 404w T 1. 37%F
0.91%, ARSCIEERIER TIRE % S bR =
LGRS T T,

£ Sk

[1] ARBELO E, PROTONOTARIOS A, GIMENO J R, et al. 2023
ESC guidelines for the management of cardiomyopathies;
Developed by the task force on the management of
cardiomyopathies of the European Society of Cardiology ( ESC)
[J]. European Heart Journal ,2023,44(37) :3503-3626.

[2] OAKES R S,BADGER T J,KHOLMOVSKI E G,et al. Detection
and quantification of leftatrial structural remodeling with delayed—
enhancement magnetic resonance imaging inpatients with atrial
fibrillation[ J] . Circulation,2019,119(13) :1758-1767.

[3] HU Wen, ZHANG Yan, ZHOU Xia, et al. An improved edge
detection method for cardiac imagesegmentation [ J ]. Journal of
Medical Imaging and Health Informatics,2020,10(6) :1377-1382.

[4] NGO T A,CARNEIRO G. Left ventricle segmentation from cardiac
MRI combining level set methods with deep belief networks[ C]//
Proceedings of 2013 IEEE International Conference on Image
Processing. Piscataway ,NJ; IEEE ,2013:695-699.

[5] ALZUBAIDI L,ZHANG J,HUMAIDI A J, et al. Review of deep
learning; Concepts, CNN architectures, challenges, applications,
future directions[ J]. Journal of Big Data,2021,8.56-74.

[6] AZAD R, AGHDAM E K, RAULAND A, et al. Medical image
segmentation review ; The success of u—net[J]. arXiv preprint
arXiv,2211. 14830,2022.

[7] XIAO Xiao,LIAN Shen,LUO Zhiming, et al. Weighted Res—UNet
for high—quality retina vessel segmentation| C]// Proceedings of
2018 9™ International Conference on Information Technology in
Medicine and Education. Piscataway ,NJ:IEEE,2018.327-331.

[8] A AT R WRIETE . He T AHUMN 22 I 45 1) 75 MR 20 0 % 43
N (I]. AL A, 2019,39(7) :2121-2124.

[9] LECLERC S, SMISTAD E, GRENIER T, et al. Deep learning
applied to multi—structure segmentation in 2D echocardiography ;

A preliminary investigation of the required database size[ C]//
Proceedings of 2018 IEEE International Ultrasonics Symposium.
Piscataway ,NJ . IEEE ,2018 ; 1-4.

[10]MORADI S,OGHLI M G, ALIZADEHASL A, et al. MFP-UNet:
A novel deep learning based approach for left ventricle segmentation
in echocardiography[ J]. Physica Medica,2019,67:58-69.

[11]AGGARWAL M, TIWARI A K, SARATHI M P, et al. An early
detection and segmentation of brain tumor using deep neural
network [ J ]. BMC Medical Informatics and Decision Making,
2023,23(1):78.

[12]AMER A, YE X, ZOLGHARNI M, et al. ResUNet: Residual
dilated UNet for left ventricle segmentation from echocardiographic
images [ C ]// Proceedings of 2020 42™ Annual International
Conference of the IEEE Engineering in Medicine & Biology
Society. Piscataway ,NJ ;. IEEE,2020.:2019-2022.

(131528 AFIH, &, 5. FET 2 N R 22 B TR 22 I 28 AR L 4
BB ], A TR ,2020,37(5) :875-884.

[14] YI Mingyang. Accelerating training of batch normalization; A
manifold perspective[ C]// Proceedings of the 38" Conference on
Uncertainty in Artificial Intelligence. PMLR,2022.1128-1137.

[15] SORIA X, SAPPA A, HUMANANTE P, et al. Dense extreme
inception network for edge detection [ J]. Pattern Recognition,
2023,139:109461.

[ 16| BAHDANAU D,CHO K,BENGIO Y. Neural machine translation
by jointly learning to align and translate[ J]. arXiv preprint arXiv,
1409. 0473v7,2014.

[ 17] BRAUWERS G, FRASINCAR F. A general survey on attention
mechanisms in deep learning [ J |. IEEE Transactions on
Knowledge and Data Engineering,2021,35(4) :3279-3298.

[18 ] SANDLER M, HOWARD A, ZHU M L, et al. Mobilenetv2:
Inverted residuals and linear bottlenecks| C ]//Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.
Piscataway ,NJ ;. IEEE ,2018 :4510-4520.

[19]QI X, WEI Y, MEI X, et al. Comparative analysis of the linear
regions in ReLU and LeakyReLU networks[ C]// Proceedings of
International Conference on Neural Information Processing. Cham ;
Springer, 2023 .528-539.

[20] SAIFULLAH S, PRANOLO A, DREZEWSKI R. Comparative
analysis of image enhancement techniques for brain tumor
segmentation ; Contrast, histogram, and hybrid approaches [ J ].
arXiv preprint arXiv,2404. 05341,2024.

[21]CIG H, GUELLUEOGLU M T, ER M B, et al. Enhanced disease
detection using contrast limited adaptive histogram equalization and
multi-objective cuckoo search in deep learning[ J ]. Traitement Du
Signal ; Single Image Parole,2023,40(3) .915.

[22] MAO A, MOHRI M, ZHONG Y. Cross —entropy loss functions;
theoretical analysis and applications| C |//Proceedings of Inernational
Conference on Machine Learning. ICML,2023:23803-23828.

[23]WANG Z, POPORDANOSKA T, BERTELS J, et al. Dice
semimetric losses: Optimizing the dice score with soft labels
[ C1// Proceedings of International Conference on Medical Image
Computing and Computer—Assisted Intervention. Cham ; Springer,
2023:475-485.

[24]GALDRAN A, CARNEIRO G, BALLESTER M A G. On the
optimal combination of cross — entropy and soft dice losses for
lesion segmentation with out — of — distribution robustness [ M |//
Lecture Notes in Computer Science. Cham: Springer, 2023 40—
51.DOI: 10. 1007/978-3-031-26354-5_4



