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Abstract: Objective Fetal cardiac ultrasound examination plays a pivotal role in the prenatal diagnosis of congenital heart

disease, which is one of the most prevalent and serious birth defects worldwide. However, clinical acquisition of fetal heart
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standard planes is highly challenging because of several physiological and technical constraints. The fetal heart is small in
size, has a high beating rate, and its position in the maternal abdomen is easily influenced by fetal posture and movement.
As a result, capturing the five clinically required standard planes, such as the four-chamber and outflow tract views,
demands high temporal precision and operator experience. Moreover, the acquisition process suffers from poor repeatabil-
ity, further hindering consistent and efficient screening outcomes. These challenges limit the overall effectiveness of fetal
cardiac ultrasound screening in routine clinical workflows. To address these limitations and promote the automation of fetal
cardiac ultrasound analysis, this study proposes FHSP-Net, a novel multitask deep learning model designed for accurate
and comprehensive recognition of fetal heart standard planes. The model adopts a detection-then-classification strategy,
which explicitly separates the anatomical structure detection task from the subsequent plane classification task, enabling
effective feature extraction and decision-making for each subtask. This design reflects the clinical reasoning process in
which a sonographer locates key anatomical structures and interprets them in the context of a specific standard plane.
Method In the detection task, FHSP-Net incorporates several carefully designed components to handle the inherent com-
plexities of fetal ultrasound imaging. A path-weaved network (PWN) is developed to improve the multiscale representation
of features, particularly enhancing the detection of small and morphologically variable cardiac structures. In addition, a
target aware enhancer (TAE) module is introduced to strengthen object-level context modeling, making the detection
branch highly sensitive to anatomical structures that are often obscured by noise, artifacts, or low contrast. Equalization
loss function version 2 (EQLv2) is adopted to further mitigate the effect of data imbalance, which is common in clinical
datasets where some structures or views are underrepresented. This loss formulation ensures that the model maintains stable
learning dynamics across different categories and structure sizes, yielding robust and generalizable detection results. While
the detection task ensures a strong foundation by locating relevant anatomical regions, the plane recognition task focuses on
accurately classifying ultrasound views on the basis of the detected structures. Traditional algorithms that rely on whether
certain anatomical structures are present in an image (i. e. , anatomical inclusion conditions) tend to have high precision
but suffer from low recall. In other words, although they make only a few mistakes in their predictions, they often fail to
identify all valid instances of each standard plane, resulting in missed diagnoses. To overcome this issue, we propose a
candidate view scoring algorithm that evaluates and ranks multiple candidate views generated during the detection stage.
This algorithm integrates structural cues and contextual features to refine classification decisions, substantially improving
the model’ s ability to capture valid plane instances across varied imaging conditions. Result Experiments are conducted on
a self-built fetal cardiac ultrasound dataset to evaluate the effectiveness of FHSP-Net. The dataset comprises a wide range
of clinical scenarios and includes comprehensive annotations for anatomical structures and standard plane labels. Quantita-
tive results demonstrate the superior performance of FHSP-Net across both subtasks. In the detection task, the model
achieves a mean average precision of 0. 962, representing a 0. 027 improvement over a strong baseline model. This finding
indicates that the proposed enhancements in feature fusion, object sensitivity, and loss balancing substantially benefit
structure localization performance. In the plane recognition task, the candidate view scoring algorithm boosts classification
accuracy by 0. 10 compared with conventional structure-inclusion-based approaches. Ultimately, FHSP-Net attains an
overall standard plane recognition accuracy of 0. 959, representing a 0. 194 improvement over the baseline model and the
anatomical-inclusion-condition-based classification method. These results strongly validate the effectiveness and advantage
of the proposed multitask design and its components. Conclusion The FHSP-Net multi-task model demonstrates strong
capabilities in anatomical structure detection and fetal heart standard plane recognition. The integration of PWN, TAE,
and EQLv2 enhances robustness and precision at the detection stage even under challenging imaging conditions. The candi-
date view scoring algorithm effectively addresses the recall bottleneck of previous classification methods, ensuring that the
model captures a large portion of valid standard plane instances without sacrificing accuracy. Together, these innovations
make FHSP-Net a reliable and efficient solution for intelligent ultrasound analysis. FHSP-Net has potential for advancing
computer-aided diagnosis in prenatal cardiology.

Key words: fetal cardiac ultrasound detection; standard plane recognition; key anatomical structure recognition; deep

learning; object detection
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Fig. 1 Key views in fetal cardiac ultrasound examination
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Table 1 Anatomical structure categories and scoring weights for each standard plane

Dimi LI i ) 4 A T RGE
4CH LV, LA, RV, RA, dAo, Sp 0.25:0.25:0.25:0.25:0.05:0
LVOT LV, Ao, RV, LA, RA, dAo, Sp 0.25:0.5:0.1:0.05:0.05:0.05:0
RVOT MPA, Ao, SVC, dAo, Sp 0.35:0.35:0.2:0.05:0
3Vv PA, Ao, SVC, dAo, Sp 0.35:0.35:0.2:0.05:0
3VT DA, AoA, SVC, Tr, dAo, Sp 0.35:0.35:0.2:0.2:0.05:0

2 SCIGFNZER

2.1 EWiEE
2.1.1  FREERCE -5 HE AR

SEHAE$5 28 NVIDIA RTX A6000 (48 GB i /%)
R SRR 55 A L T, >R H PyTorch VR 2]
HE 22 52 B i A BRI 25 55 VEAl o I e A% v fii
Adam fEALES , FE5 1A Mosaic B 18 o 5 mg H2 755 4
Mz ALRE ) 5 2 5 T i E e BRItk
180 /1~ epoch, batch size 1% & 4 16, ¥ 15 2% 2] 2N
0. 001, IR AR5 2 2] SR Yl R m , Wl i35

ARTSCR IR B VLR K27 B s 15 g ) i 0 7 [
GG IR P E 7 VR R A R . BUR R RS A GE
Vivid E8 #F 2 Wi e, 22 A fEl o 14~28 A, 85
it A B AR 2 949 M 4 0o 7S LS UG
IIPERON 1136 x 85215 K . BHIEEER h BAT £ 4
95 R 7 = UM FH roLabellmg e 4% H brbpid: T 2t
7 NTARTE #0556 DY) (ABDO K 54> fif O b 14
DI ) rp iy 13 Mgl 454 o RGERE FE AL 23 Al
SRBESMIASE , B 723, HARSM i N2 2 iR o
2.1.2 PR

hy % WL IR PP AR PR L A8 SO P e
SR A R TS0 o AR R A R R A 55
o, SR RS R (precision, Prec) . & [ # (recall ,
Rec) FINF- 3208 B2 #41{H (mean average precision, mAP)
YER FEIENFERR o Prec 2278 BN A 1E 1] () AR v
ELAE A oy Fe 3], 2 A R 5 Ree 378 ELAE B A9
A RTINSy AE 5 A ], SURR A AR s mAP R
A 200 “Prec-Rec” M1 4T 0y T R4 (A, 2545 Ml it
BANLEA [R) A (T 2 G PERE . X AR HE D) T

x2 HIEESH
Table 2 Dataset distribution
EAGITES /R IR /R
ABDO 33 15
4CH 443 191
LVOT 388 165
RVOT 342 147
3VV 359 155
3VT 497 214
it 2062 887

PURME S5, >R FHUER % (accuracy , Ace) Prec Rec Fll
F1{H (F1-score fE N IFM TR . H, Ace K ir
TE 5 M REARS BB L, S B R 432
TR 5 F1 K Prec A1 Rec VR FISE-3ME, 7625 40 A
AT H Ace RESE % WL HE Sz BRBCRIPERE . A1, hy
DAY 1) R E ROR 5 REIT 8, A GRS TR
TSt B SRR G A B ], FH Ml e S 75 (1
AR 5 S BR HE
2.2 #iltEge

AR SCFEMEREE X PTE-YOLO B8 AT T PR
PEAS, ARG ) Lo R 2% G B ik 1) 235 60 1 A 00 4R 4
3R BACKE BB & WL RE TS br B3R
WAL 57 , Prec . Rec K mAP 43335 ] 0. 925.0. 930 il
0. 962, H.48 R Z B0 RS BRI A7 B i,
4T, 5 1] A 3 22 S B 4/ ) R AR 2%
ZEf TGOl P BE B AT 1 22 RUBE H A s Oy
ST M SN AN g A PR, R A S M S e R
DL/ AR 2S00 Tr 2 9 5], He mAP M 0. 789 42
T2 0. 908, H MIRFE T 0. 218, 3 — LB IE T 51 5
XoF PRIEAEAS A TR RE 7 8 58



$£31LE/FET7TH /2026 £7 A

PR, kikBE, 5%, ZF®, Michael Pecht
&S B E SR RENIRORETTE S ESIRRER

=l

PEUEE S
IIESE S Sy

1

AT EGE
REEH]

SbFRIEE

AR 15

Il LOVT b o —
71 LOY S Yy 4CH DI
IritSAoy it

ROVT/3VV/3VT
i
I

X BEUTRIZE T3 FIWT R AR DTE
ot e 4534 0

i D w0 i i)
Fror For

]
A I Y
e IHK R

JExHAY

PRAFTHU

|

it 5 A
DIk

SR

K7 e U Rk R

Fig. 7 Flowchart of the candidate view scoring recognition algorithm

2.3 HEAZIE

B E PTE-YOLO - B8 A3 8501k , A S0 it
TIH RS, I 4 FR

B, R R 51 AL AA] 2 FE AR B Y Baseline #F
FF K5I, Prec . Rec Fl mAP 43 %] 7 0. 890, 0. 895 Al

0.935. AEFBIRIAE 22 KB W P se T4 S 280
AP R, 50 51 A PWN RRIE 4 73 |
TAE B8 5 EQLv2 5 2% ph £k, PEAS Ho b 37 5 B[R]
RE DMk, SCIOSE R, AT A 3Ry nl Ay
K MERER 25 . 5] A PWN J5 ,mAP 27+ % 0. 950, WEHH
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Table 3 Detection results of PTE-YOLO

| Prec

Rec mAP

#H Baseline PTE-YOLO(A )

7} Baseline PTE-YOLO(A&ZL)  #£7F

Baseline PTE-YOLO(ZASC)  #2£7}

LV 0.954 0.980 10.026 0972 0.963 0.982 0.983 10.001
LA 0.920 0.950 10.030  0.941 0.936 - 0.962 0.958 -
RV 0.929 0.944 10.015 0.946 0.959 10.013 0967 0.974 10.007
RA 0.878 0.923 10.045  0.920 0.941 10.021  0.955 0.978 10.023
Ao 0.916 0.952 10.036  0.942 0.965 10.023  0.968 0.984 10.016
AoA 0.907 0.980 10.073  0.883 0.934 10.051  0.948 0.991 10.043
dAo 0.891 0.890 - 0.905 0.899 - 0.947 0.943 -
Sp 0.907 0.895 - 0.957 0.929 - 0.961 0.947 -
PA 0.701 0.842 10.141 0.865 0.919 10.054 0.855 0.936 10.081
DA 0.858 0.881 10.023  0.881 0.928 10.047 0916 0.954 10.038
MPA 0.957 0.975 10.018 0911 0.913 10.002 0967 0.975 10.008
sve 0.875 0.938 10.063 0.870 0.943 10.056  0.932 0.974 10.042
Tr 0.878 0.868 - 0.636 0.854 10218 0.789 0.908 10.119
3TN 0.890 0.925 10.035 0.895 0.930 10.035 0.935 0.962 10.027
T IRL AR N R TR 25 5 1 " R X HE Baseline 85U | T “ =" Fom WHZ SRR BEAT $2T )
x4 HBMIWHER
Table 4 Ablation study results

WiRiS PWN TAE EQLv2 Prec Rec mAP
Baseline X X X 0.890 0.895 0.935
P-YOLO N x x 0.925 0.917 0.950
T-YOLO x N x 0.902 0.916 0.948
E-YOLO X X N 0.915 0.894 0.943
PT-YOLO N N X 0.917 0.927 0.957
PTE-YOLO (4 3) N N N 0.925 0.930 0.962

U AL R SR A8 B AR 5 3 N X A IR R A At

HAe 2 R 5/ HbRFRAE 24505 R 3 5 51 A
TAE ARG , mAP 271 2 0. 948, 5o3F HoAE H Frlign
5if Ak 5 M RS 0 o 7 TR G R0HE 5 51 A EQLY2 J& , mAP
K EN0. 943, s H XTI A BRAER- . it
— LI UERE R (R] Y P [R5, E PWN I JERE 5T A
TAE #5k , #) 7 PT-YOLO, mAP 27+ £ 0. 957, PWN
5 TAE W4 A& 3 — 2048 T+ T G B 45 44 DX 3R 09 R A1
FIRGETT, R B B I BAME . B2 51 A EQLY2
4 1% 58 # 1 PTE-YOLO, Prec . Rec Fl mAP 43 5| #2 F}
%0.925.0. 930 F10. 962, SAiE T Fr 4y e 24~ %

SRR AR 25 O BE ) S AR D R B

S UEAR ST AR 4 T BEROR B PWN 73
SR 22 M FE TR 4 R I 2 A4 XL ] A
4 T35 W 2% (bi-directional feature pyramid network ,
BiFPN) (Tan %5, 2020) . T 2 B iZ (L4 ik & 735
(reparameterized generalized feature pyramid network ,
RepGFPN) (Xu %, 2023) | ¥ #F R 1iF 4 7 35 M 2%
(asymptotic feature pyramid network, AFPN) (Yang
85, 2023) Fllish I FRAE 42 535 (vecursive feature pyra-
mid, RFP) P45 (Qiao % ,2020) , #E47 5¢ T HRHIE 42 F
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PERTH A S o AR IR AP , B RRIE G R 8
BT A4 REWRAEE (P,—Py) M 8, IR 5 —51 A
Py/NEARKIN Sk SEu0 45 R an e 5 s . NG5SR AT
H A SCHUHE ) PWN TE 2 VR REAEE X900 T
PR J7i%k. 5 AFPN FI RFP A e, PWN 7E Prec . Rec
5 mAP S bR F R H R B B4 AR 241
. H# T RepGFPN F1 BiFPN, PWN 7EA5 i % .
[l %2 K mAP 5 TH ¥4 3R BT A, A S8R A X
K, (B HEFRE A48 BiFPN JEA£5 -, 45 F RepGFPN,
PRI SRR ) 1 e 5 kR T g

R U6 UE TAE AR B 78 I X it O 48 7 4G v A A

W0 Dh 52 T S5 M P S5 T P AR P R AR S
TRT TAE B IH R Se 5 . AR50 4% PTE-
YOLO "1 TAE 5 0 Concat RS R
JIHLHI ) 4145, 46 SE (squeeze and excitation net-
works) (Hu %5 ,2019) .SA (shuffle attention) (Zhang i
Yang, 2021) . CBAM (convolutional block attention
module) (Woo %5 , 2018) 2 EMA (efficient multi-scale
attention module ) (Ouyang &5 2023) 4, SL G 45 AN
RO, GREW, TAE BIRTE Prec . Rec 2 mAP
Tt ERBCHAL T EEVERE S AL , TEAR AL 2 B 5 4 2
R[] J7 T AL PR e K F SR HERE I 5 o

F5 XTHESFENEMEE
Table 5 Ablation study on the feature pyramid

Tk Prec Rec mAP SH i S A 4] A(ms/ )
TE-YOLO-BiFPN 0.909 0.918 0.953 3584 554 10.5
TE-YOLO-RepGFPN 0.926 0.915 0.958 7 623 904 11.1
TE-YOLO-AFPN 0.916 0.925 0.957 38 885213 12.0
TE-YOLO-RFP 0.910 0.919 0.953 7957752 13.4
PTE-YOLO(A () 0.925 0.930 0.962 9192 576 10.7
T L SRR 25 8 R A2 2R

R6 X T TAEERHHMILE
Table 6 Ablation study on the TAE module
ik Prec Rec mAP SRt RS [A]A(ms/ )
PE-YOLO-SE 0.914 0.913 0.956 9430 464 10.9
PE-YOLO-SA 0.699 0.748 0.770 9435 636 10.7
PE-YOLO-CBAM 0.919 0.919 0.956 9 525 804 10.8
PE-YOLO-EMA 0.927 0.919 0.957 9434 160 10.9
PTE-YOLO(#A3X) 0.925 0.930 0.962 9192 576 10.7

T L SRR % 8 B A2 2R

2.4 XfLERIE
2.4.1 K PEREXT LS5

T BE PTE-YOLO PEfE, A SCHEMNALE 52
it B B FE H ARKL IR IEAT T 6 FL 925, 25 58
F TR, PTE-YOLO 1E 4 W48 A5 H R B 52, mAP
KB R E 0. 962, W E A T IAWMIRL, 5 FLL A
FH L, Prec Rec Il mAP 435l £ F+ T 0. 035.0. 035 Al
0. 027, RS SR A5 2 2= A Frkdn , (04
P AT R 10. 7 ms/lE, X TR 24 93. 45 /s,
T JE SEIT R 22K . 255 K, PTE-YOLO ZER- 475

RIS A TRCR I [RS8 AR T T RIORS B, o JR S 1)
TS5 PR T T SE A5 — B Bkl 25 51 .

18 JE 7 T 3 oA AU 1 ] AR T , ] LAt 32
DL D) 4% 6 0 5 3k A A N ()RR R ) A R O A T
PTE-YOLO #il £5 J 5 4250 FLAChnyE: , SR hfeE
I
2.4.2  DNHEARBIEREXS L SL

F R GEVEAG T AT 55 PRSI AL FHSP-Net (1Y)
TR BIPERE , A SCHEMNAAE T T 3 4% LS50 -
5 14 SEIO N HPAAT 45 B 5 22T 45 A5 0AIE 24T

2563



2564

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 31,No. 7,Jul. 2026

RT BRORERI SNSRI

Table 7 Comparison of detection results for fetal cardiac anatomical structures

Jrid Prec Rec mAP e Yien HEFLET ]/ (ms/ )
Baseline 0.890 0.895 0.935 3085 050 79
YOLO110BB 0.884 0.880 0.927 2 664 042 33
YOLO120BB (Tian % ,2025) 0.894 0.872 0.930 2 642 250 36
ROI Transformer (Ding % ,2019) 0.837 0.827 0.797 55110 000 454
Oriented R-CNN (Xie 2§ ,2021) 0.712 0.707 0.751 41 140 000 42.6
ReDet (Han %5 ,2021) 0.851 0.843 0.804 31 630 000 27.1
Oriented RepPoints (Li % ,2022) 0.883 0.875 0.784 36 610 000 38.5
PTE-YOLO (7 3) 0.925 0.930 0.962 9192576 10.7

T L SRR % 8 B A2 2R

(a) FLIEbRE (b) baseline (c) YOLO120BB (d) ReDet (e) PTE-YOLO
P8 i i 22 R A I ) 24 245 2R ] AL
Fig. 8 Visualization of detection results from the fetal cardiac anatomical structure network

((a) ground truth; (b) baseline; (¢) YOLO120BB; (d) ReDet; (e) PTE-YOLO)

55 XS UV A 20 5 2 2 A SR B AR S — 1 Bk VARSI BE X DT U B B2 5 5 3 41 S
IIRFE T AEZAT S B S| ARSI A [ A0 3303 i Sk b % FEAS [ A9 D T R
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0. 959, 5 iF T T4 7 ik ek o 25 1 A sL i,
ZAT: 55 MR A i 0 R 75 B5CHE 4R 0 0 D) T UNDRG B
T RS R L TR SRR BE Tk
S0 I 3 287 SR ek B A R 5 B 2 LS o, TR
K B BRI 8, PTE-YOLO 764 T 45 4% b 211
T LA ARSI S 7R, 3R TG A B X o SO A T

PESZ R 5 575 3 41 5250 UE WA, 7 AR [R) %) A 0 245 SR il
b A A T A U R M e R O T A
SERAL S SR TEORER m ok 0 R i [l s R 2 7t 1
PENCIE:

19 JR R T A b Y T U 2k 0 T AR G
Heo X ACH 3VV I 3VT YT i 20 28 45 5 nl L4y
S, 24 BARAS: | 22 SRS 00 B I K6 5, 15 40 P
017 e G K =R7 s B a i (=2 i R B 22 O
W24 R B R A

F8 BRUARETIEIRANER T

Table 8 Comparison of fetal heart standard plane recognition results

25 Tk Acc  Prec  Rec Fl BRI [1)/ (ms/ME)
VGG16(Simonyan fll Zisserman,2015) 0.636  0.635 0.628 0.630 12.1
ResNet50(He %,2016) 0.508  0.492 0492 0.481 7.3
AT S5
EfficientNet(Tan 1 Le,2019) 0.500 0.474 0478 0.461 5.1
DenseNet( Huang % ,2017) 0.841 0.839 0.832 0.833 8.4
Baseline+fi# | 45 14 £, & 55 0.765 0.969 0.769  0.847 7.9
YOLO120BB-+#f il 25 4 41 7 2 0.705 0975 0.708 0.803 3.6
PTE-YOLO+f I 45 ¥4 £ & 44 0.859 0.980 0.880 0.926 10.7
FHE Baseline+{5RE 4L B TF /3R I i 0.933 0930 0.931 0.930 7.9
YOLO120BB+{i et 1 43R i ik 0.933 0933 0932 0.932 3.6
PTE-YOLO-+ZE ¥ B P40 53 (A 30) 0.959 0962 0.957 0.959 10.7

E LTRSS % 9 e LA 2R

3 5 it

AR SR X 2 1RGO AR D) TR AR R TR
YD ZERIAT PR 4 28 [l 28K A 0] 8, 42 1 — el
“HERTIN 43287 24T 55 U 5 A FHSP-Net : 7E 46
BB, B X 22 RUEE /N B R (5 S5 sg S 28R 45
Phik , W T AR S SURIE & F3E 5 B AR ISR A 5
B, If455 ¥ ¢ R B AL YOLOv8OBB 5 7l
PEASET B 0 55— B BOAG I 25 21, 5 76 20 2K I B, $
A PSRN Bk BB BEA I SR w25
B2 24 S I A EES M A A A5 LT, B R T
SR 24 SR8 R AL B A5 Al R IR [, — 20 Rt
DI RE

7 F G L0 W 75 A 4R [y S e g R SR

B}, FHSP-Net £ 25 F 46 0 5 D) i R0 4T 55 rh 4 HuAs:
TS RE ., AR L HEAR A K B BE Y Prec . Rec
5 mAP 23 51327 1 0. 035.0. 035 5 0. 027; 5 1 iR
S B BE Ace ., Prec Fl Rec 43 5] 35 3] 0. 959, 0. 962 F1
0.957 AL FTEA F¥E. LI ESSRIEIE T i FHSP-
Net BRI 7E Jif 0> 22 Fr o U TR BT 55 o A ko o
[F] B}, - 257 4k A 8] oA 10. 7 ms/ M (24 93. 45 /s ) ,
it R P S R TR

JL4E FHSP-Net 7645 59 1 i 55 52 FH M O 17 RS
TR R ABARAFAE P B R BRI kS PRk £
POk A [F— RS54, FL AR TR T 9 PRl e 15
B o 1T BB LR ELAC R AT RBATY AT I A T
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4CH 0.96 SN . 4CH 0.96

(a) ELEZhRT (b) DenseNet (c) baseline + (d) PTE-YOLO + (e) baseline + (f) PTE-YOLO +
FRRIZE LSS RIS S AR BT R )

9 PR EIE R
Fig. 9 Visualization of classification and scoring results ((a) ground truth; (b) DenseNet; (c) baseline and anatomical structure
conditions ; (d) PTE-YOLO and anatomical structure conditions; (¢) baseline and candidate view scoring recognition algorithm

(f) PTE-YOLO and candidate view scoring recognition algorithm )

T % 5 & g0 4 i, ?Efjj*ﬁﬂ?{ftﬁﬁﬁﬁﬁ“ﬁ*% 28] Ding J, Xue N, Long Y, Xia G S and Lu Q K. 2019. Learning Rol trans-

E/‘J %i‘ml—:j Ilﬁ rﬁ%ﬂ\i’IEO former for oriented object detection in aerial images//Proceedings of
2019 IEEE/CVF Conference on Computer Vision and Pattern Rec-

ognition. Long Beach, USA: IEEE: 2844-2853 [DOI: 10.1109/

5% Uk (References) CVPR.2019.00296]
Han J M, Ding J, Xue N and Xia G S. 2021. ReDet: a rotation-
Carvalho J S, Axt-Fliedner R, Chaoui R, Copel ] A, Cuneo B F, Goff equivariant detector for aerial object detection//Proceedings of 2021
D, et al. 2023. ISUOG practice guidelines (updated) : fetal cardiac IEEE/CVF Conference on Computer Vision and Pattern Recogni-
screening. Ultrasound in Obstetrics and Gynecology, 61(6) : 788- tion. Nashville, USA: IEEE: 2785-2794 [DOI: 10.1109/
803 [DOI: 10.1002/u0g.26224 ] CVPR46437.2021.00281 ]
Chen H, Wu LY, Dou Q, QinJ, LiSL, Cheng J Z, et al. 2017. Ultra- He J, Yang L, Liang B C, Li S L and Xu C X. 2024. Fetal cardiac ultra-
sound standard plane detection using a composite neural network sound standard section detection model based on multitask learning
framework. IEEE Transactions on Cybernetics, 47(6): 1576-1586 and mixed attention mechanism. Neurocomputing, 579: #127443

[DOI: 10.1109/TCYB.2017.2685080 ] [DOI: 10.1016/j.neucom.2024.127443 |



$31%5/ET7H /2026 £7 B

fr=F, KRR, TB&, Z=FA], Michael Pecht
MESA RS X RN ORETIESE SRR

He KM, Zhang X Y, Ren S Q and Sun J. 2016. Deep residual learning
for image recognition//Proceedings of 2016 IEEE Conference on
Computer Vision and Pattern Recognition. Las Vegas, USA:
IEEE: 770-778 [ DOI: 10.1109/CVPR.2016.90 |

Hu J, Shen L, Albanie S, Sun G and Wu E. 2019. Squeeze-and-
excitation networks. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 42(8): 2011-2023 [DOI: 10.1109/TPAMI.
2019.2913372]

Huang G, Liu Z, Van Der Maaten L and Weinberger K Q. 2017.
Densely connected convolutional networks//Proceedings of 2017
IEEE Conference on Computer Vision and Pattern Recognition.
Honolulu, USA: IEEE: 2261-2269 [ DOI: 10.1109/CVPR.2017.243 ]

Li FR, Li P, Wu X M, Zeng P, Lyu G R, Fan Y L, et al. 2024.
FHUSP-NET: a multi-task model for fetal heart ultrasound stan-
dard plane recognition and key anatomical structures detection.
Computers in Biology and Medicine, 168: #107741 [DOI: 10.
1016/j.compbiomed.2023.107741 ]

Li W T, Chen Y J, Hu K X and Zhu J K. 2022. Oriented RepPoints for
aerial object detection//Proceedings of 2022 IEEE/CVF Conference
on Computer Vision and Pattern Recognition. New Orleans, USA:
IEEE: 1819-1828 [ DOI: 10.1109/CVPR52688.2022.00187

LiZY, ChenYM, QiuLQ, ChenD Q, HuCG, XulJ Y, etal 2019.
Prevalence, types, and malformations in congenital anomalies of
the kidney and urinary tract in newborns: a retrospective hospital-
based study. Italian Journal of Pediatrics, 45(1) : #50 [DOI: 10.
1186/513052-019-0635-9 ]

Lin TY, Dollar P, Girshick R, He K M, Hariharan B and Belongie S.
2017. Feature pyramid networks for object detection//Proceedings
of 2017 IEEE Conference on Computer Vision and Pattern Recogni-
tion. Honolulu, USA: IEEE: 936-944 [DOI: 10.1109/CVPR.
2017.106]

Liu S, Qi L, Qin H F, Shi J P and Jia J Y. 2018. Path aggregation net-
work for instance segmentation//Proceedings of 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition. Salt Lake
City, USA: IEEE: 8759-8768 [ DOI: 10.1109/CVPR.2018.00913 ]

Ouyang D L, He S, Zhang G Z, Luo M Z, Guo H Y, Zhan J, et al.
2023. Efficient multi-scale attention module with cross-spatial
learning//Proceedings of 2023 IEEE International Conference on
Acoustics, Speech and Signal Processing (ICASSP). Rhodes
Island, Greece: IEEE: 1-5 [DOI: 10.1109/ICASSP49357.2023.
10096516 ]

Pu B, Zhu N B, Li K L and Li S L. 2021. Fetal cardiac cycle detection
in multi-resource echocardiograms using hybrid classification
framework. Future Generation Computer Systems, 115: 825-836
[DOI: 10.1016/j.future.2020.09.014 ]

Qiao S'Y, Chen L C and Yuille A. 2020. DetectoRS: detecting objects
with recursive feature pyramid and switchable atrous convolution//
Proceedings of 2021 IEEE/CVF Conference on Computer Vision
and Pattern Recognition. Nashville, USA: IEEE: 10208-10219

[DOI: 10.1109/CVPR46437.2021.01008 |

Simonyan K and Zisserman A. 2015. Very deep convolutional networks
for large-scale image recognition//Proceedings of 2015 International
Conference on Learning Representations. San Diego, US: Computa-
tional and Biological Learning Society: 1-14 [DOI: 10.48550/
arXiv.1409.1556

Tan J R, Lu X, Zhang G, Yin C Q and Li Q Q. 2021. Equalization loss
v2: a new gradient balance approach for long-tailed object detec-
tion//Proceedings of 2021 IEEE/CVF Conference on Computer
Vision and Pattern Recognition. Nashville, USA: IEEE: 1685-
1694 [DOI: 10.1109/CVPR46437.2021.00173 |

Tan M X and Le Q. 2019. EfficientNet: rethinking model scaling for con-
volutional neural networks//Proceedings of the 36th International
Conference on Machine Learning. Long Beach, USA: PMLR:
6105-6114

Tan M X, Pang R M and Le Q V. 2020. EfficientDet: scalable and effi-
cient object detection//Proceedings of 2020 IEEE/CVFE Conference
on Computer Vision and Pattern Recognition. Seattle, USA: IEEE:
10778-10787 [ DOI: 10.1109/CVPR42600.2020.01079 |

Tian Y J, Ye Q X and Doermann D. 2025. YOLOv12: attention-centric
real-time object detectors [ EB/OL J. [2025-07-10].
https://arxiv.org/pdf/2502.12524.pdf

Woo S, Park J, Lee J Y and Kweon I S. 2018. CBAM: convolutional
block attention module//Proceedings of the 15th European Confer-
ence on Computer Vision. Munich, Germany: Springer: 3-19
[DOI: 10.1007/978-3-030-01234-2_1]

Xie X X, Cheng G, Wang J B, Yao X W and Han J W. 2021. Oriented
R-CNN for object detection//Proceedings of 2021 IEEE/CVF Inter-
national Conference on Computer Vision. Montreal, Canada:
IEEE: 3500-3509 [ DOI: 10.1109/ICCV48922.2021.00350 |

Xu G Z, Qian Y I, Wang Y, Liu R, Zhou J and Lei B J. 2023. Quality
assessment for fetal four-chamber ultrasound views based on two-
stage segmentation. Journal of Image and Graphics, 28(8): 2476-
2490 (BOLHE, BRZEIL, £, X%, %, 4. 2023, BT
P20 53 A iy JL O o 7 D T TN . e [ R S R 2
2, 28(8): 2476-2490) [DOI: 10.11834/jig.220347 ]

XuGZ, WauMQ, Qian Y F, Wang Y, Liu R, Zhou J, et al. 2024.
Automatic capture for standard fetal cardiac four-chamber ultra-
sound view by fusing frame sequential relationships. Journal of
Image and Graphics, 29(3) : 782-797 (6, ARy, 4825 1L,
T, X, 7%, %2024, Five e N RS R B kR e NG LI
Lol S DT A BRI P E R4, 29(3) 2 782-797)
[DOI: 10.11834/jig.230251 ]

Xu X Z, Jiang Y Q, Chen W H, Huang Y L, Zhang Y and Sun X Y.
2023. DAMO-YOLO: a report on real-time object detection design
[EB/OL]. [2025-07-10]. https://arxiv.org/pdf/2211.15444 pdf

Yang G Y, LeiJ, ZhuZ K, Cheng SY, Feng Z L and Liang R H. 2023.
AFPN: asymptotic feature pyramid network for object detection//

Proceedings of 2023 IEEE International Conference on Systems,

2567



2568

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 7,Jul. 2026

Man, and Cybernetics. Honolulu, USA: IEEE: 2184-2189 [DOI:
10.1109/SM(€53992.2023.10394415 |

Zhang B, Liu H, Luo H and Li K J. 2021. Automatic quality assess-
ment for 2D fetal sonographic standard plane based on multi-
task learning. Medicine, 100 (4) : #24427 [DOI: 10.1097/MD.
0000000000024427 |

Zhang Q L and Yang Y B. 2021. SA-Net: shuffle attention for deep con-
volutional neural networks//Proceedings of 2021 IEEE International
Conference on Acoustics, Speech and Signal Processing (ICASSP).
Toronto, Canada: IEEE: 2235-2239 [DOI: 10.1109/1CASSP39728.
2021.9414568 ]

fEZ &I

MRS, Lo BRI A FEEEWFGE 7 0] B2 RS b 3
E-mail : 6230805002@stu.jiangnan.edu.cn

KRR, BAEVER 53, FARBEI, T2 ) A 7 i
F#E A AT B AE. E-mail:617785712@qq.com

feidd, I B, EEWTTT 1 LA S A s
E-mail: lei_su2015@jiangnan.edu.cn

ZEnl B, FEEOETT5 1 0 EAS U AP I E o
E-mail : like_jiangnan@163.com

Michael Pecht, B, #4% , EZWF5ET7 0] ML BEIZ 8T o
E-mail : pecht@umd.edu



