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Fetal facial ultrasound plane recognition based on real-time object detection network and its
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Abstract: Objective To explore the role of an artificial intelligence (Al) model based on real-time object detection network in
fetal facial ultrasound examination. Methods With the normal fetal facial ultrasound standard plane (FFUSP) at 20-24 weeks
of gestation as the research object, a FFUSP recognition model based on real-time object detection network was constructed.
The recognition accuracy of the model for FFUSP and the anatomical structures were analyzed, and the clinical value was
evaluated by analyzing its performance in identifying FFUSP in 119 cases of fetal ultrasound images. Results The overall
precision, recall rate, mAP@.5 and mAP@.5:.95 of the AI model were 97.8%, 98.5%, 98.1% and 61.0%, respectively. The
clinical validation showed that the AI model had a sensitivity, specificity, positive predictive value, negative predictive value
and accuracy of 100.0%, 98.5%, 87.4%, 100.0% and 98.7% for facial anatomy recognition, and the results were highly
consistent with the classification of fetal ultrasound experts (k=0.925, P<0.001). The recognition accuracy of the model for 3
types of standard planes reached 100%; and the average speed of dynamic video detection was 33.93 frames per second.
Conclusion The FFUSP recognition model based on real-time object detection network exhibits excellent performance, and it
can be applied to real-time ultrasound diagnosis, teaching and intelligent quality evaluation.
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Figure 1 FFUSP and anatomical structures
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Figure 2 Structure of FFUSP recognition model based on YOLO V5 network
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Table 1 Experimental dataset for the FFUSP

recognition model
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Figure 3 PR curve of FFUSP recognition model in the test set
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Table 2 Number of FFUSP anatomical structures

Vi 45t SRR A
OAP MR xR 2076
PN 1918
AR Bk 4 B 1038
NCP V= 1162
TIE 1159
T 1139
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£ 1116
SRR 1150
MSP i 1252
B 1262
PEA 1228
fifi 1247
T 1249
PIHI 56 1255
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Table 3 Results of fetal facial anatomical structures detected

with FFUSP recognition model

ey o) Bt/ EUHER/% BEER/% mAP@.5/% mAP@.5:.95/%
AR Bk 372 100.0 100.0 100.0 71.7
R A 353 95.8 96.3 94.6 45.6
IRERFEEE 186 100.0 100.0 100.0 777
= 206 100.0 100.0 100.0 68.3
T 205 99.0 100.0 99.6 54.9
T 198 95.8 97.3 97.0 50.1
AL 377 94.4 97.0 96.6 39.8
5 196 1000 100.0 100.0 73.6
BIERE 195 99.5 99.9 99.9 79.5
i 233 99.1 99.1 99.5 68.4
L 233 99.1 99.1 99.4 53.8
B 232 96.1 96.6 95.9 458
i 225 96.1 98.2 97.6 65.0
AR 229 92.7 94.3 91.5 41.8
BiRIAeE 232 99.6 100.0 100.0 79.8
= 3672 97.8 98.5 98.1 61.0
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Figure 4 Examples of images with accurate identification of

anatomical structures
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Figure 5 Examples of images with inaccurate identification of anatomical structures



- 252 -

P BRI R A R4 | B M RGN 2 8] 774 K i AR
BRI — TAEAAAEE APk . YOLO J2—Fh i
B Bt H ARSI A BB SE BN AN MG A A G
HIRTA WS BT 4R . YOLO V5 Bk i $0u 74
T B £, 45 [R] 81 4 FI Mosaic 15 5k S5 80HE I 75 -G A6 )
1A R Faster R-CNN (1458 5 LA 25 22 R AL
58 T YOLO V5 5o G /s H bk I e 1, (i
o0 5ok B A B RIS R R T 3k ) 45 b S AR 0 1
LR

FFUSP A % 11 3 28 VI T Hh A 15 22 B i 3 4544, X
TR PR B R JE LU R APk . S0 3R I AR A
ST YOLO V5 553 44 #E (1) FFUSP 25 #4 K6 5
Ay AT VE BE R BN KL, X 45 Mgt i) 45+ EL A AR A 1Y)
WU MERPE , OF HHOR BB A Z 8 20 245
P 288 591 140 5 W) 7 A AR, S 177 388 e 27 2T T 22 AN [R) 45 4
(AR AIE 2 2 T AR 25 R 0 X b . SR FE R LR
R A HR P A 1 D T A A G L 2 T, R AR
RUREAS 7 A 1 G U3 ) FRFUSP 45D i S LA
L5 o AT PR R 56 B B, B AR I K 2 1Y)
PRI A% v o e O 22 T LB I ) 45 A 5 4 A
RAP A AE B o UM S IR A Z I 1 DL, 32 B3R R
B RN O 5 MSP 880 S E DRh B E i
TR A HR Bk A A M & B SR A Y R R R B
FFUSP H1 (138 53 45 k4 MBS T A AERR R AL, AL
VAT DRI, AE 268 3k 25 4 G 04 0 W ) T e, A 1
DR 3K B A5 TRAS IE , T B s o 10 T 25 45 A R
XA BT HEA T A LAY 2 5 BT R 8 ] i B e A 1Y)
FIWrAERPE . B S 2S5 1) FEUSP 52 3P
PO I 4 B Sk, LU ok 5 8 7 (0 179 I 7
AR VG L, 3¢ B 7R 586 IR o fif LR 7 R ke
SR R Y Y RE T

g5 LT AHIE FE 4R A 3 T S E A R R
25 (10 ey J L T 8 5 s o D) TR A 350 45 A 5 4 2K
R TR LA PR S v A ARG R TSR Tl B
Kty B SRR I B VPN S o AR T S AT A7 AE
— SRR Z A (1) B AT R RS S A AR /N B
P A W o — | ] REAFAE A RLIZ AL RE SR 5 (2) AR HF
FEATIA W S AL Jif J L2546 S35 O RGN, T 32 0 2 A
S HA NG L H B2 Wise 1 . #eJe ekn) TAE
T BN KA B o BB Sk U8, IF AT 2 o
U, (AR HAT BTy A F A .

(5% k]

[1] Salomon LJ, Alfirevic Z, Berghella V, et al. ISUOG practice guidelines
(updated): performance of the routine mid-trimester fetal ultrasound
scan[ J]. Ultrasound Obstet Gynecol, 2022, 59(6): 840-856.

(2] SHAAR, For. =374 550 Rs )L IR 5 69 A [T ]. 5 A Ha =44

2 &, 2020, 36(2): 154-156.

Huang XT, Luo H. The value of prenatal ultrasound in the diagnosis
of fetal microphthalmia [J]. Journal of Practical Obstetrics and
Gynecology, 2020, 36(2): 154-156.

[3] ZRA, w& AT . RE @A i 2T P 4 5 da B4 5 )L
AEER AP ey R[T] P EEFHEFEE, 2019, 36(10): 1195-
1199.

Wang JY, Huang Y, Wu XY. Application of different section ultrasound
screening in fetal facial screening in early and middle pregnancy[J].
Chinese Journal of Medical Physics, 2019, 36(10): 1195-1199.

[4] Abuhamad A, Minton KK, Benson CB, et al. Obstetric and gynecologic
ultrasound curriculum and competency assessment in residency
training programs: consensus report[ J]. Am J Obstet Gynecol, 2018,
37(1): 19-50.

[5] Lee W, Hodges AN, Williams S, et al. Fetal ultrasound training for
obstetrics and gynecology residents[ J]. Obstet Gynecol, 2004, 103(2):
333-338.

[6] Yaqub M, Kelly B, Stobart H, et al. Quality-improvement program for
ultrasound-based fetal anatomy screening using large-scale clinical
audit[ J]. Ultrasound Obstet Gynecol, 2019, 54(2): 239-245.

[7] YuZ, Tan EL, Ni D, et al. A deep convolutional neural network-based
framework for automatic fetal facial standard plane recognition[J].
IEEE J Biomed Health Inform, 2018, 22(3): 874-885.

[8] Wang XL, Liu ZH, Du YZ, et al. Recognition of fetal facial ultrasound
standard plane based on texture feature fusion[J]. Comput Math
Methods Med, 2021, 70: 1-12.

(91 xiwpde, 3, 8 EF, 5. A T4 A A 16U @32 7 47
Hynd@ A [T]. FEESFHEE R 2021, 38(12): 1575-1578.
Liu ZH, Wang XL, Lii GR, et al. Automatic recognition of fetal facial
ultrasound standard plane using artificial intelligence [J]. Chinese
Journal of Medical Physics, 2021, 38(12): 1575-1578.

[10] Burgos-Artizzu XP, Coronado-Gutiérrez D, Valenzuela-Alcaraz B, et
al. Evaluation of deep convolutional neural networks for automatic
classification of common maternal fetal ultrasound planes[] 1. Sci Rep,
2020, 10(1): 10200.

[11] Ramirez Zegarra R, Ghi T. Use of artificial intelligence and deep
learning in fetal ultrasound imaging[J]. Ultrasound Obstet Gynecol,
2023, 62(2): 185-194.

[12] Redmon J, Divvala S, Girshick R, et al. You only look once: unified,
real-time object detection[ C |/Proceedings of the IEEE Conference
on Computer Vision and Pattern Recognition. IEEE, 2016: 779-788.

[13] Wu WT, Liu H, Li LL, et al. Application of local fully Convolutional
Neural Network combined with YOLO VS5 algorithm in small target
detection of remote sensing image[J]. PLoS One, 2021, 16(10):
¢0259283.

[14] Min K, Lee GH, Lee SW. Attentional feature pyramid network for
small object detection[ J]. Neural Netw, 2022,155: 439-450.

[15] Liu S, Qi L, Qin H, et al. Path aggregation network for instance
segmentation| C |//Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. IEEE, 2018: 8759-8768.

[ 16] Girshick R, Donahue J, Darrell T, et al. Rich feature hierarchies for
accurate object detection and semantic segmentation [ C 1/Proceedings
of the IEEE Conference on Computer Vision and Pattern Recognition.
IEEE, 2014: 580-587.

[17] Ren SQ, He KM, Girshick R, et al. Faster R-CNN: towards real-time
object detection with region proposal networks[ J]. IEEE Trans Pattern
Anal Mach Intell, 2017, 39(6): 1137-1149.

[18] Dai J, Li'Y, He K, et al. R-FCN: object detection via region-based fully
convolutional networks [C]/Advances in Neural Information
Processing Systems 29. Springer, 2016: 379-387.

[19] Al-Masni MA, Al-Antari MA, Park JM, et al. Simultaneous detection
and classification of breast masses in digital mammograms via a deep
learning YOLO-based CAD system[J]. Comput Methods Programs
Biomed, 2018, 157: 85-94.

[20] Khan S, Islam N, Jan Z, et al. A novel deep learning based framework
for the detection and classification of breast cancer using transfer
learning[J]. Pattern Recogn Lett, 2019, 125: 1-6.

[21] Yang G, Feng W, Jin J, et al. Face mask recognition system with
YOLO V5 based on image recognition [C]/2020 IEEE 6th
International Conference on Computer and Communications
(ICCC). IEEE, 2020: 1398-1404.

[22] Fang Y, Guo X, Chen K, et al. Accurate and automated detection of
surface knots on sawn timbers using YOLO-V5 model [J]. Bio
Resources, 2021, 16(3): 5390-5406.

[23] Wang Z, Jin L, Wang S, et al. Apple stem/calyx real-time recognition
using YOLO-V5 algorithm for fruit automatic loading system[J].
Postharvest Biol Tec, 2022, 185: 111808.

[24] Mathew MP, Mahesh TY. Leaf-based disease detection in bell pepper
plant using YOLO V5[ J]. Signal Image Video P, 2022, 16(3): 841-847.

(. B EA)



