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Abstract: Objective Fetal cardiac ultrasound examination plays a pivotal role in the prenatal diagnosis of congenital heart
disease, which remains one of the most prevalent and serious birth defects worldwide. However, the clinical acquisition of
fetal heart standard planes is highly challenging due to several physiological and technical constraints. The fetal heart is

small in size, exhibits a high beating rate, and its position within the maternal abdomen is easily influenced by fetal posture
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and movement. As a result, capturing the five clinically required standard planes—such as the four-chamber view and out-

flow tract views—demands high temporal precision and operator experience. Moreover, the acquisition process suffers from
poor repeatability, further hindering consistent and efficient screening outcomes. These challenges significantly limit the
overall effectiveness of fetal cardiac ultrasound screening in routine clinical workflows. To address these limitations and to
promote the automation of fetal cardiac ultrasound analysis, this paper proposes FHSP-Net, a novel multi-task deep learn-
ing 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 subse-
quent plane classification task, enabling better feature extraction and decision making for each subtask. This design
reflects the clinical reasoning process in which a sonographer first locates key anatomical structures and then interprets
them within the context of a specific standard plane. Method In the detection task, FHSP-Net incorporates several care-
fully designed components to handle the inherent complexities-of fetal ultrasound imaging.- A path-weaved Network (PWN)
is developed to improve the multi-scale representation of features, particularly enhancing the detection of small and morpho-
logically variable cardiac structures. In addition, an target aware enhancer (TAE) Module is introduced to strengthen
object-level context modeling, making the detection branch more sensitive to anatomical structures that are often obscured
by noise, artifacts, or low contrast. To further mitigate the impact of data imbalance, which is common in clinical datasets
where some structures or views are underrepresented, an equalization loss function version 2(EQLv2) is adopted. This loss
formulation ensures that the model maintains stable learning dynamics across different categories and structure sizes,
enabling more 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 based on the
detected structures. Traditional algorithms that rely on whether certain anatomical structures are present in an image—i.
e. , anatomical inclusion conditions—tend to yield high precision but suffer from low recall. In other words, while they
make 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 mul-
tiple 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 To evaluate the effectiveness of FHSP-Net, experiments were conducted on a self-built fetal car-
diac ultrasound dataset. The dataset comprises a wide range of clinical scenarios and includes comprehensive annotations
for both anatomical structures and standard plane labels. Quantitative results demonstrate the superior performance of
FHSP-Net across both sub-tasks. In the detection task, the model achieves a mean Average Precision of 0. 962, represent-
ing a 0. 027 improvement over a strong baseline model. This indicates that the proposed enhancements in feature fusion,
object sensitivity, and loss balancing significantly benefit structure localization performance. In the plane recognition task,
the Candidate View Scoring Algorithm boosts classification accuracy by 0. 10 compared to conventional structure-inclusion-
based approaches. Ultimately, FHSP-Net attains an overall standard plane recognition accuracy of 0. 959, which consti-
tutes a 0. 194 improvement over both the baseline model and the anatomical-inclusion-condition-based classification
method. These results strongly validate the effectiveness and advantage of the proposed multi-task design and its compo-
nents. Conclusion The FHSP-Net multi-task model demonstrates strong capabilities in both anatomical structure detection
and fetal heart standard plane recognition. The integration of the PWN, TAE and EQLv2 contributes to enhanced robust-
ness and precision in the detection stage, even under challenging imaging conditions. The Candidate View Scoring Algo-
rithm effectively addresses the recall bottleneck of previous classification methods, ensuring that the model captures a
larger portion of valid standard plane instances without sacrificing accuracy. Together, these innovations make FHSP-Net a
reliable and efficient solution for intelligent ultrasound analysis and hold promise for advancing computer-aided diagnosis in
prenatal cardiology.

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

Y AT OLIN Ak 2 A P
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 Bt 5IEERCE

AR SCR AR B VLR R B I B B 14 Jif o i 75 [
QB R B0 IE T4 iR I A ke . B SRR A
GE Vivid E8 # /512 Wik 45, 22 R YE Iy 14 2 28 )]
2555t A Ah B AR AR AE 2949 5K 4 JiG Ul 75 R
BRI e 1136%852 18 % . Bk EI& i BA
20 1R P B AR FH roLabelImg i€ 5% H ARbriE T
HAEAT N ThRVE, 5 6 AT T ) 13 Pl 54544
FUG G BEDLI 43 R I 2R SIS, Ll 7.3,
HARS WR 2.

SEIGTES 2 NVIDIA RTX A6000(48GB i 77) ik
R R PERE IR 55 7% 1 ETT , >R F Pytorch TR BE 2% S HE
205 T A B BN 2R 5 VAN . YISk AR bl
Adam T4, IET 1A Mosaic S84 5 55w L2 T
Rz AL 1 58 Y5 PRyt B gt
%48 180 /1> epoch , batch size & H 16, W)Uk 2 &
40001, IR FHAR LS 2 R R, Wl DR
2.1.2 P HEAR

Sk 7% SO Ay 1t DA B A 1 B A SCMURS I B
55 FIEAAE R AT 9200 o TR A5 R R AT 55
W, SR FH RS 6 28 (precision, Prec) . A [A] % (vecall,

Rec) FISF- 2478 B2 #41{H (mean average precision, mAP)
VER EZIFNFE IR Prec 7w L Ay 1E (] (R R AR Hh
FLIEGI T 7 F i), B A 3 s Ree 678 ELIE B R
AR PRSI S TE A9 Y E A, SO A 42 5K mAP KR
Jr A 25 01 “Prec-Rec” It 26 09 T AR I MEL , 255 1
BRI EA RIS B (T B2 G PERE . XS T AR D) T
R SS , R R R Caccuracy , Ace) Prec,Rec Fll
F1{A (Fl-score, FOYENIEAN 85 . i, Ace R
T A IEA 2 SR AEAR RS SRR AR L SO AR
IIIEUERATE  F1 A Prec 1 Rec R FISEII(E, 762851
IIATANEIN HE Ace RETE 2L Sz WU PERE

BB, SR PTG AR R ) 38 2B A3 5 T IR T4, AR SC
EGETE TR SR K Bk RGP 18], T A
RO R AR S S PR A B
2.2 it

AR SCAE AL X PTE-YOLO A58 k4T T 1 fiE
PEAG LA TR Lo I A5 S S i 1) 205 ) ) A 000 2023
RIPR . BUKRE  BAEAWIMERESR IR IR
WAL 5 , Prec \Rec S mAP 43535 ] 0. 925.0. 930 #il
0. 962, H.48 K 2RIl (A B e v R 14 A 5 A
SR BT, 285 TR] A 2 22 S B A R TR
RS TGO P SO A [ 1 22 RO H AR s
P TSN PR, R A S F M 25 1
PL/IN AR R B 2E 9 Tr 2 9 i), e mAP M 0. 789 42
THZ0.908, A IR 42T 0. 218, 3 — L BiE T #E A

x2 HEESH
Table 2 Dataset distribution
e S S
ABDO 4CH LVOT RVOT 3VV 3VT ABDO 4CH LVOT RVOT 3VV 3VT
it 33 443 388 342 359 497 15 191 165 147 155 214
Bt 2062 887
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Fig. 7 Flowchart of the Candidate View Scoring Recognition Algorithm

Xof PRI XEEREAS (11U 8 ) 358
2.3 HRRKIN

Sy 4 AiE PTE-YOLO £ B8 (A 2, A SC it
TN 4 PR AIH RS . R R G AT 2k
PEAE Y Baseline #E47 £ 9 , Prec . Rec #1 mAP 43-3il]
70.890.0. 895 F10. 935, AHUEALRIAE L2 R Mt
PRSI RSN SRR B9, 405 I A
PWN 4 1E 4 F3E \TAE M 5 EQLv2 45125 pR #K, 1F
fl HAM 7 S PRl RE vk . SCIRZE R, Bk 5]
A =R AT A R PR RE R £5 : 5] A PWN /5, mAP
$ET+ 2 0. 950, UE W HAE 2 RUEE 5/ B A5 R ik AR
J7 AR B3 5] A TAE B3 5, mAP 32 T7H &
0. 948, B iiF HAE B AR BN 504k -5 W s 1 il Jy 1 A9
MME ;51 AEQLV2 J5 , mAP A F 0. 943, iR HINF 26
HIARBABAER . A iE— 20 B e A ] 1 B ) 3%

A 7EPWN LRSI A TAE B3, # 2 PT-YOLO,
mAP 2T} 2 0. 957, PWN 5 TAE iYL & — 242 Tt
TORHEESH DX R IE R RE ), JRE I 50t 1)
P 2, 51 EQLY2 #4 i 58 # Y PTE-YOLO,
Prec . Recall Fl mAP 73 il §2 F+ % 0. 925, 0. 930 A
0. 962, Bk 1 IR T7 5 A8 2 A B L E Y£R8
HERE ) 5 ARG I R I

R BAIEAS SCHT 4 YRR G FIEROR ¥ PWN 43
A g 22 b 2 TR B 7 1 2%, AL 455 L) FF AR
4 T35 W 2% (bi-directional feature pyramid network ,
BiFPN) (Tan 5§, 2020) . 5 2 8L 17 (L HFAIE 4 7 15
(reparameterized generalized feature pyramid network ,
RepGFPN) (Xu %, 2023) . ¥ #F F¢ 1F 4 5 55 ) 2%
(asymptotic feature pyramid network, AFPN) (Yang
&, 2023) LB A RFIE 4 53 (recursive feature pyra-
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Table 3 Detection results of PTE-YOLO

Prec Rec mAP
Baseline PTE-YOLO(Ours) Baseline PTE-YOLO(Ours) Baseline PTE-YOLO(Ours)
LV 0.954 0.980( 1 0.026) 0.972 0.963 0.982 0.983(1 0.001)
LA 0.920 0.950( 1 0.03) 0.941 0.936 0.962 0.958
RV 0.929 0.944( 1 0.015) 0.946 0.959( 1 0.013) 0.967 0.974( 1 0.007)
RA 0.878 0.923( 1 0.045) 0.92 0.941( 1 0.021) 0.955 0.978( 1 0.023)
Ao 0.916 0.952( 1 0.036) 0.942 0.965( 1 0.023) 0.968 0.984( 1 0.016)
AoA 0.907 0.98( 1 0.073) 0.883 0.934( 1 0.051) 0.948 0.991( 1 0.043)
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( 1 0.141) 0.865 0.919( 1 0.054) 0.855 0.936( 1 0.081)
DA 0.858 0.881( 1 0.023) 0.881 0.928( 1 0.047) 0.916 0.954( 1 0.038)
MPA 0.957 0.975( 1 0.018) 0.911 0.913( 1 0.002) 0.967 0.975( 1 0.008)
SVe 0.875 0.938( 1 0.063) 0.870 0.943( 1 0.056) 0.932 0.974( 1 0.042)
Tr 0.878 0.868 0.636 0.854( 1 0.218) 0.789 0.908( 1 0.119)
All 0.890 0.925( 1 0.035) 0.895 0.93( 1 0.035) 0.935 0.962( 1 0.027)

T L PO BRI AL (B T A5 R % [ Baseline S8R 171

F4 HEXWER
Table 4 Ablation study results

PWN TAE EQLv2 Prec Rec mAP

Baseline X X 0.890 0.895 0.935
P-YOLO NI X 0925 0.9170.950
T-YOLO x X 0902 0916 0.948
E-YOLO x ox V0915 0.894 0.943
PT-YOLO N X 0917 0.927 0.957

PTE-YOLO(Ours) ¥ v 0925 0930 0.962

VE  IHLAA R BT . RIS 33575 S A4 A %
Bide.

mid, RFP) (Qiao %, 2020) , 17 5& THRE 4 735 1Y
TR . RO A T, T A RRIE & T ISR T
DU~ RUBE A FRAE ] (P2-PS) M 4, IR 58— 51 A P2 /)
HARRIN Sk, SO0 25 RN 5 i . IES A AT AT, AR
SCRCHE Y PWN FE 224 s R 4t R 48 T 808 7
. 5 AFPN FIRFP A b, PWN 7F Prec .Rec 5§ mAP
fbn RO HL R R4 AR S 8 . AR
F RepGFPN Fil BiFPN, PWN 7£ /i #f % | 73 [0] R J%
mAP J5 R A S SR A SR B4

PRI [H] 5 BiFPN JEAFFF, {5 T RepGFPN, {4 2 i
SRR PERE 5 8- g

B IE TAE A5 HAE R X i O 8 75 G v A
WD 52 AN S5 M P AR R0 R R P YRR AR ST
TRT TAE B ARl S0 . BAA T, 4% PTE-
YOLO i TAE BB 42 by Concat BEH 5 32 3 i1 2
FIALHI Y 2H A, 4045 SE (squeeze and excitation net-
works) (Hu %5, 2019) . SA (shuffle attention) (Yang,
2021) . CBAM (convolutional block attention module )
(Woo %5, 2018) & EMA (efficient multi-scale atten-
tion module) (Ouyang 5 2023) 4 HARSZ G 45 L
6. GiRKRM, TAEBLIAE Prec Rec 2 mAP 545
ERCH A T EEVERE S, AR A HY SR 4 B[R]
i ARG AT 2R B R 5
2.4 XPLEEE
2.4.1 KRIPERERT LS

TSI PTE-YOLO M RE , A SCAE A Y
Z e B AR I BB AT O i, 45
N4 79178 . PTE-YOLO 7E 4 T4 5 b R0 57
mAP ik 5 i = {5 0. 962, W F T HABBIAL, 5k
ZE B AA EL , Prec, Rec Il mAP 43 5 $2 7+ 1 3. 5%,
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Table 5 Ablation study on the feature pyramid

Prec Rec mAP SR PR 1] (ms/7)
TE-YOLO-BiFPN 0.909 0.918 0.953 3584554 10.5
TE-YOLO-RepGFPN 0.926 0.915 0.958 7623904 11.1
TE-YOLO-AFPN 0.916 0.925 0.957 38885213 12.0
TE-YOLO-RFP 0.910 0.919 0.953 7957752 13.4
PTE-YOLO(Ours) 0.925 0.930 0.962 9192576 10.7

T JIHEL 7 A hy B A A L

3.5% F12. 7%, )RR SR T 2% B A BT
B0, AEUHE B BEATS PR R AE 10. Tms/5K , X1 T 46 24
93. 45FPS, W & I I AG I B oK o £ G ok E |, PTE-
YOLO TE PR FRFEE 38 A TR0 Y [R] B 8 2 5 T 7
K EE , Ry I SL U0 RO 55 B2 T AT S 5 — B B

KM E5 0 . P 8 S s 1 o AL AL Ay T AR AL T, ml
DAL At = 3 90 245 G000 8 s 7 AN [ R B8 198 oA A
Kz, M PTE-YOLO Al 25 53 B F2 i HAL bRt , SR B
NESE AT EE

F6 X T TAEEHAEEILE
Table 6 Ablation study on the TAE module

Prec Ree mAP SR RIS [ (ms/5K )
PE-YOLO-SE 0.914 0.913 0.956 9430464 10.9
PE-YOLO-SA 0.699 0.748 0.770 9435636 10.7
PE-YOLO-CBAM 0.919 0.919 0.956 9525804 10.8
PE-YOLO-EMA 0.927 0.919 0.957 9434160 10.9
PTE-YOLO(Ours) 0.925 0.930 0.962 9192576 10.7

TE < IOHL 7 A Ay B T A UL ML

2.4.2  YIEARBIPEREXRT HESL S

R F GV BT 22 AT 55 1R ) A5 Y FHSP-Net 1
P MR , A SCEMNASE iR T =40 L st
B2 1) 55— 21 SO X LU AT S5 TR 5 AT S5 A8 56
UEZAT: 55 S w ot V1) T R0 ) 5 1 5 2) 56 — A S i
BIEES — M REET  E2 AR S BRI 5 AR
F1A) 235 PR U B, Pk R U R XoF ) T 1 F B
3) 55 = 2 S 0 A [ e 0 AR P Aty b, X AN [
R D10 T TR 0%, 30 T i it i TR L7 431Ul 5
ENIOE SR g

& 8 Jron , A 3T 42 Y 1Y FHSP-Net (PTE-
YOLO-+ {5 1 R 3 43 U 53k ) 3R 45 fe i85 Ace H
0.959, B 1E T Ari ik ot . DS —4l55
W, AT S5 AR AR A RO P R AR T i U T TR SRS
JE R AT RS R S T AR S AL R T
“HEAGEIN S 32 SR A AR 5 2) B A S

e R U] Fh R 5 586, PTE-YOLO 76 4 i 45 b |
P00 b ARG I A TR, 5 ARG DA 3 X6 o R A
TREPEFZ I 5 3) 5% — 20 SEU UE T, 76 AR [ A R 25
Fhih b e O PP RO SR P e R T
iR SR 25 R AL B A5, A AR R RS I 23R 1 [ A
THT B,

B9 JE 7R T30 43 br o D) T U vk i T Ak 25
Heo X ACH 3VV 1 3VT YT i 20 28 45 S ml L4y
A 25 BRRAG: A8 SRS ) s s 6% s, A 32 400 1]
§ A Gl K PR B T B U= (=53 L 3 s e N o O
W2 T B R A

3 &

RSB X i CobR D T R A7 A B AT R
0 U0 T 2 AT R L 70 2 4 [T AR A (] L, 4 ) — o
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Table 7 Comparison of detection results for fetal cardiac anatomical structures

Prec Rec mAP ZHt PR 1] (ms/7)
Baseline 0.890 0.895 0.935 3085050 7.9
YOLO110BB 0.884 0.880 0.927 2664042 3.3
YOLO120BB(Tian %, 2025) 0.894 0.872 0.930 2642250 3.6
ROI Transformer(Ding %5, 2019) 0.837 0.827 0.797 55110000 45.4
Oriented R—CNN(Xie 2§, 2021) 0.712 0.707 0.751 41140000 426
ReDet(Han %, 2021) 0.851 0.843 0.804 31630000 27.1
Oriented RepPoints(Li%%, 2022) 0.883 0.875 0.784 36610000 38.5
PTE-YOLO(Ours) 0.925 0.930 0.962 9192576 10.7

T« L7 A hy B T A L R

(a) Ground Truth

(b) Baseline

(c) YOLO120BB

(d) ReDet (¢) PTE-YOLO

((a)Ground Truth; (b)Baseline; (¢)YOLO120BB; (d)ReDet; (e )PTE-YOLO)
B8 O A ) 25 A G0 o) 255 225 SR mT LA

Fig. 8 Visualization of detection results from the fetal cardiac anatomical structure network

“HERTIN 4327 1 24T 55 ISR FHSP-Net : 756
IR B, X 2 ROEE/IN B s V5 s thsg B AN 45
PG, T AR S SURRAE B 735 5 H bR 1 5
BLH, IF 456 Wi % s B AL YOLOvBOBB #27!,
SRS VR 0 14 55 — [y BOAG I 45 2R s 70 A0 2R o B LR
BB IV PN S0 5 B A BE A SR, 455

B2 27 e g MR R S5 A B A5 0 DL, o 2 1
5IR 2A) R AR A SR AT R R A ), E— 25 T
DI BE

7E 5 2R L OB P s R b i S a5 R R
B, FHSP-Net 75 5 A4 450 55 D) T U0 55 vh 2 s
TSR, MESEMEBIAL, KB B Y Prec .Rec
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Table 8 Comparison of fetal heart standard plane recognition results

R ]
Acc Prec Rec F1 (k)
VGG16(Simonyan %5, 2015) 0.636  0.635 0.628  0.630 12.1
Resnet50(He %, 2015) 0.508  0.492 0492  0.481 7.3
AT 55
EfficientNet(Tan 45, 2020) 0.500  0.474 0478  0.461 5.1
DenseNet(Huang %, 2017) 0.841  0.839 0.832  0.833 8.4
Baseline-+fi#t 25 44 £ & 4514 0.765 0969  0.769  0.847 7.9
YOLO 120BB-+f &l 25 k4 41, 7 2 0.705 0975 0.708  0.803 3.6
PTE-YOLO-+# 45 #4, 7 S 4 0.859 0980 0.880  0.926 10.7
FIEs Baseline+{ L AL PP 43 1R 1) 3332 0933 0930 0931 0.930 7.9
YOLO120BB-+ 3 40 KT/ FU3 5k 0933 0933 0932 0932 3.6
PTE-YOLO-+{E M B P23 1R 3113375 (Ours) 0959 0962 0957 0.959 10.7

TE L7 1A Ay B 0 A L £

4CH 0.96 4CH 0.62 S 4CH 0.96

(c) Baseline + (d) PTE-YOLO + (e) Baseline + (f) PTE-YOLO +
(a) Ground Truth (®) DenseNet P prepryay ey R BT -85 FRAE BT A 55

((a)Ground Truth; (b)DenseNet; (¢)Baseline and Anatomical structure conditions ; (d)PTE-YOLO and Anatomical structure condi-

tions ; (e)Baseline and candidate view scoring algorithm ; (f)PTE-YOLO and candidate view scoring algorithm )
Ko I RATaas R

Fig. 9  Visualization of classification and scoring results

5 mAP 3R T T 3. 5%.3. 8% 5 2. 7% ; V) iH 5] FIA T, LhEgs REGAE T Uit FHSP-Net £
BBt Ace \Prec Fll Rec 235115 2] 0. 959 .0. 962.0. 957, RUFE RO Z AR E DTN BT 55 oA 2t . [RIET,
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SRy 4k B 8] A7 10. Tms/5K (£ 93. 45FPS) |, i /2 #8
aEsing il o

JLAE FHSP-Net 75 5 8044 58 5 52 H 4 Ty T HUS:
TR AR AE A 2R B IS PP AG 2
POk B [l — RS g, Ho R F 8 T 5L bR s 3
o KT BB AR FLS N AT AT T I R T
T AP AR , AnAPR Tt R AN RIS G R 25 57
SO ) A 0, FLAE IR RIS N A S bR 2R
A T — 0 . i 22 T AR 5 5 TR e P S i
TF 5 25048 N, HE S B 7 7 |if i A it A2 v
(1) 7% b 55 11 R 36k
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