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Knowledge distillation method for fetal ultrasound section identification

ZHANG Xinpei, ZHOU Yao, ZHANG Yi
(College of Computer Science, Sichuan University, Chengdu 610065, China)

Abstract: Fetal ultrasound section recognition is one of the main tasks of prenatal ultrasonography, which directly af-
fects the quality of prenatal ultrasonography. In recent years, by the Deep Neural Network method, we have made great
advances in clinical ultrasound-assisted diagnosis. However, most of the existing studies have applied fine-tuned pre-
trained model for migration learning, which not only easily leads to parameter redundancy and overfitting problems, but
also limits the real-time analysis capability in practical applications. Therefore, this paper proposes a knowledge distilla-
tion method for fetal ultrasound section recognition. In the first stage, a residual network is used in the student and
teacher network model to incorporate attention mechanisms for both hidden layer features, extract key information in the
hidden layer, and perform one knowledge migration so that the student network can obtain a priori weight. In the second
stage, the teacher network model is used to guide the student network model to perform knowledge distillation training,
so as to further improve the performance of knowledge migration in an overall manner. The experimental results show
that the student network reduces the model complexity while improving various performances, which is beneficial to the
deployment of ultrasound device terminals and real-time analysis capability.

Keywords: deep learning; convolutional neural network; residual network; prenatal diagnosis; fetal ultrasound; com-
puter aided diagnosis; knowledge distillation; model compression
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Table 1 Parameter comparison of different models
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Resnet34 34 21.33 85.5
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Table 2 Network parameters of student module
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Table 3 Network parameters of teacher module
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Table 6 Experimental results with different neural network methods

HERLZ R Acc/% WAF i E/MB GPU & /% MFLOPs HARAE BRI SR/ NMB
MobileNetV2 93.27 1384 21 2420 0.065 1 9.27
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Resnet101 97.50 12656 51 123570 0.0786 173
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Table 7 Occupation of computational resource of student
and teacher models
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Resnet8 1.00 172 9 624 4.02
Resnetl0l 43.09 12656 51 123570 173
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Table 8 Experimental results with different parameter T

TR RIT WERIR /% BRI Y% FEAER% R E
5 97.38 97.85 96.34 09703
10 96.05 94 .83 95.98 0.953 8
20 95.60 94.39 95.20 0.947 8
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40 95.48 94.46 94.79 0946 1

& 8 B 1, Resnet8 #E K %5 Resnet101 7Y
BV R S8/ T T 4 210 J1, £ 2R 0 i
17 5 FHAT GPU i F R It o B8, BRI SC K
/NBLZE/INEE 43 4%, BRI N BEOTAY, FLOPs
G5/ T 198 4%, $e Tt T SEPRFEE WA AT .
32 BESH IXMIEXR

il AN TR B9 IR R 80 T 3547 X FL 3256, 14
5.10,20.30.40 fENLIARIESE T, Hp2k
AT AL IR FEFE A 5 B s o



ERVES: e 5 1 <188+
800
Abdomen 140 1 o o 4 3 800 Abdomen 132 1 0 0 12 3 200
700
Brain 0 598 0 i) 1 1 600 Brain 0 JBEEE 0 1 6 1 600
& . [ 500 —
s Cervix 0 1 95348 o0 o 0 ¥ Cervix D 1 S 0 2 0 200
# ' 400 S _ | 400
X Femur g 0 0 205 1 (1] B
300 {  Femur 0 4 0 185 11 0 300
Others 5 3 o 11 32 200
Thorax 1 . 5 o 1 an 100 Others 10 4 0 20 QEUE 9 200
0
s .g E é 4 E Thorax 4 0 0 0 23 i 100
E & 5§ 5§ 2 0
2 © =~ o = £ = % 5 ® %
Z 2 & =z & 35 £
BT s & 8 & 3 2
(a) T=5 =
800 bR
Abdomen 137 1 o 1] 1z 4 700 (e) T=40
Brain 0 [EEM © 2 anme 3 600 Bs5s ARABERH THMIARBILBEER
& ) 500 Fig. 5 Confusion matrix of knowledge distillation classific-
e Cervix 0 1 334 0 2 o . . .
ﬁ 400 ation with different parameter 7
mw Femur o - ¢ a8 1 0 300 Fb 35 2 A X 25 FE A [R) I BE R B T 1 Il 2k 45
Others 5 2 0 10 E 9 200 %, iﬁi’%ﬁ%%ﬁﬁg T{@%%&i%*é@ﬂﬁ%ﬁ
T e 100 T. M9 015, MR R T=5 B}, 225 MK TE
S L L LR e R R R R R F, %R
- - = - IS . ~, N / He >,
: F 5 ;o2 & iR H G A 36 2R 2 7 78 0 4 A L 98
= = - N " N NN
< — Mo R, 7R BE REL T=5 IGO0, 8 A
)\\‘J\I /]‘L‘L N —H. Ay N N ALY e ALY
o) 710 ORI T I 5 2 e [ 24 AR 52 1 4 4 2.
800 MY 25 B A5 20 B 85 7Y A9 PR REAH LL, 2% 30 P RE# A4S
Aodomen 38 1001 a W TR, BSR4 TR HTE 5.16%,
Brain 0 WEEEM © 1 5 2 600 FEAS W18 30 00T o) 4% A5 7R 1) M A 46, A R A o
I ; 400 1.19% 1 0.07%, HHETHF I 5 i/ F 54
4 emur 0 3 0 199 12 o \ N Y
\ 300 HOM M 4%, HeT I, SR T=5 1E Sk b 1y iR
Others g 5 0 16 9 200 %;& T,
100 N
Thorax 4 0 0 o 23 |309 £9 AEMLFERMERESTLL
g £ % 5 z % 0 Table 9 Performance comparison of different models
£ = 2 = = 5
2 5 < £ & £ BOREHR  MEIR/% TR % R RIR% KF
< N
TR Resnet101 97.50 96.66 9729 0.969 6
(c) =20
300 Resnet8 92.22 92.69 87.95 0.900 0
Abd 133 1 o 0 13 4
omen 700 Resnet8 + stagel  93.75 92.62 91.87  0.9220
Bain 0 Hegg © 1 & 1 600 Resnet8+KD  97.38 97.85 9634 09703
& . — 500
g Cevix 0 1 S8 0 2 0 400 Resnet8 + Hint ~ 98.59 98.25 98.17 09821
o '
(  Femur o 3 (1] 198 11 v} [ L.
* 300 33 MUHHEMEBEMIRRIEAELE
200 " . -
Others SRS S 0 » 331 F 1 HEA RHEE
Thorax 4 ©o o o 23 310 Resnet8 15 4 5 Resnet8+stagel £ AIAH Lt il
0 g
g £ X E 23 # J& Resnet8 #2291l 2k 15 2] 19 24 45 ) 2% 4
— & = =] N N N R ~ Yard
g % J &£ 3 £ AU M 5 2 g et PR B BT R 2808 A58 1
<

bR
(d) 7=30

B BL Y Resnet8 AR, T 15 4 I 2545 2] 1 2% A )
AL, WK 6 W A1, Resnet8+stagel £ 7 7E B



* 189 -

SRR, S5 F T R L P O iR ) ) KR 2R T ik

LIl

“H A2 B YT EHR I A~ 73 25 0 B HE AR 5K
¢ Resnet8 BB 18 fii1 3~20 i) A%, i3 9 ml 0,
Resnet8+stagel 1 1#5 Resnet8 1557 75 ME A R [ 2
THT 1.53%, %A A8 3.92%, 7% F, A5
2.2%, ANTEZEAE W EREAK 0.07%, DL 9252
RFE R T Sk B PR B B R ZE N R A 1
B B 11 2 10 b S M AT 550, LA A [R) B 25 45 4
()27 A I 28 FE S 1 B BRI by, DB X 485 1)
Bl J2 IR ik g ) B HIALE (R B

800
Abdomen 97 0 D 0 8 B
700
Bain 1 [ 0 0 6 4 600
& Cevixk 0 1 381 0 o0 0 300
s
e 400
¥ Femur 1 2 0 @ 181 9 0
300
Others 36 21 3 34 819 31 200
100
Thorax 11 3 ] 1 15 | 283
= =] ] 1= %) 3 0
2 8 = E 2z
g B & & & g
= =
<
TARSE
(a) Resnet8
800
Abdomen 110 1 0] ) 10 5
700
Brain 0 585 1] o T 3 600
500

ﬁﬁ Cervix 1 1 334 ] 2 0
=
5 400

=
. Femur 1 2 0 198 16 2 300
Others 23 13 0 16 H 25 200
100
Thorax 11 1 1] 2 19 289
0

Abdomen
Brain
Cervix
Femur
Others
Thorax

TobR 2
(b) Resnet8+Stagel

B 6 RiBEEMEITEL

Fig. 6 Confusion matrix with different methods
332 FH2MEA R EEE

Resnet8+stagel 15 A 15 Resnet8+Hint 15 %l A
Lo, i A 2 i el ) T B B RN IR ZE AR O v AR
1 B BeiY Resnet8 #5281, FE B B9 2545 2 19 242 ™)
IR ; J5 7 R 20 O Y G o B R TR 2 R T vk
27 A 28R, fl (€] 7 BT T, Resnet8+Hint 45 %Y
¢ Resnet8-+stagel FLAY, 7F &5~ G| IE W 19 7 284
ARB B K IG IR A B T 27.2% (RS B &) ;

B3 9 7] A1, Resnet8 + Hint £ %% Resnet8+
stagel A7 () 2% T8 AR PERE A T RIR R T, MM
RILTF 4.84%, R ARGETE 5.63%, 241 [l R4k
T+ 6.3%, % F, H4R T 8.21%, DA FSCu 45 58 78 4%
2% B S Y T B B TR 2R AR O TR A 2 B Bl 44
AT R o

Abdomen 140 1 o Q 2 4 800

700
0 0 4] 2 1] 600

Brain
¥ Cervix 0 1 FEE 0 ] 0 500
B
o 400
¢ Femur 1 0 P3| 3 0
300
Others g 0 D 3 B 200
100
Thorax @ 0 0 0 4 312
0
g g < 5 Z %
E £ &5 § £ &
3 o} = o g
O
< =) —
To bR
(a) Resnet8+Hint
800
Abdomen 110 1 (1] o 10 5
700
Brain 0 585 o o T 3 600
. 500
¥ Cervix 1 1 334 ] 2 0

= 400
. F
emur 1 2 0 198 16 2 00

100

Others

(=]
i
7]
=

]
=
=
=
PeJ
3
B
=)

Thorax

Abdomen
Brain
Cervix
Femur
Others
Thorax

T bR
(b) Resnet8+Stagel

7 RBEMEREXTLE

Fig. 7 Confusion matrix with different methods
3.4 fREANBE IR Z BT IER L

Resnet8+KD 17U 5 Resnet8 + Hint £ &I 1,
Tl I AR G FIAR 28 18 05 I 2RA5 3 i 27 A ™)
LRSI 5 R 8 e Wk B T B B RN TR 2 1R O
YA BN A 22 A 25150, | K] 8 AT 1, Resnet8+
Hint B A1 (1) 3 242 THE T iR LB Fne iz JL i
VT ) A3 25 25 R |, 1] Resnet8+KD i Y 71X
PIZE E R or 2B PERE R I ST Y o i3k 9 n]
Resnet8 + Hint £ 71 {4 i £ K 45 Resnet8+KD 5 7l
FETF 1.21%, ZRFRETT T 0.4%, 2 A FHR4E T
T 1.83%, % Fy (H#2TE T 1.18%, LI 45Tt g4



¥ 17k HOE 2

S 1 ©190 «

N

PR R TR S8 7 UE T T R ) 7 I BERIR 28 1 5
[EIOES R g d e

800

Abdomen 140 1 0 0 4 3
700
Brain 0 0 0 1 1
600
& Cervix D 1 334 0 ] 1] 500
o
o 400
fm{  Femur 0 ] 0 205 1 ]
300
Others 3 0 1 E 7 200
Thorax 0 1 il ] 100

Ln

[
=
=

Abdomen
Brain
Cervix
Femur
Others
Thorax

T ARZ
(a) Resnet8+KD

Abdomen 140 1 o 0 2 4 800

Cervix 0 1 38 0 0 0

700

[=]

Brain
600

500

400

H

Femur @ 1 0 B 3 0
300

Others

(3]
=

200

Thorax 100

(=]
=
(=
L=
=9
B

Abdomen
Brain
Cervix
Femur
Others
Thorax

T b2
(b) Resnet8+Hint

B8 REEMERLL

Fig. 8 Confusion matrix with different methods
2233 R ) I B R PR ZR AR T 15 R A A I 4
A A T AR AR AR AT T R IE $2 7, B
A R, MERR SRR TT 6.37%, HAtAS I BE
WATE] 7R T BAR G NIRRT L R
A WA, MERR AR T 1.21%, HARMER A48
s b A O X % AR 1.09% . SER R, ARk
A8 B BERR 2 08 7 A RS 1 BB, 5 B0 )
2% HAG A [R] 55 2 45 1 4 2 A I 2465 T L2 800 194 2% )
Bet Bl S22 AR R A1 O MBS R, R4 R A Ry R ]
JEWIIGALE, N5 2 Br BORMIRZRIBIT T 17 R A2
fili o [RI A, {2 B0 2 80 B0 1 2 R R 4
A LAAT S350k G A Y P R 0 T SR RO R
R 005 TR, 2T T B R 2 AR RE ), TE AR
I3 ZEPERE Y [A) I DR B S R R AT R 4 o 25
LRI, FEAr BT T BHE Y B BOR IR 25 4R O vk

T4 Th2 £ T £ K700 2% T il ) A 20
4 7 FiE

B B2 22 R B R A, 75 BB B TR J3E A 28 ) 2%
TR A SR W FH B ) S PR R, AR SCHR T — A
H T e LR 7 70 TR 51 A e a2t %) W B B R R 2 1
D5 R P Rh S5 A A 0L, (H 3550 5 AH 22 3R 1)
W= M 2%, B Resnet8 /E 24 M 4%, Resnetl101
VR 200 X 2%, 38 3k A RN TR 7% 08 0 1 A Y
WA 9 B MR 7848 5 R AE G LR 5 U0 T £k s 45 L 3k
FT5256, 43k 5] 97.38% F1 98.59% M HER: %, J5
BRI A 0 P e A LA U T 980, itk
AT LAAS H et 8 R o B TR 2508 YR L T B A
PR 458 . Wt X e Se g, ok ry
PR B R R T i i 56 1 B B, A B A ) 5%
25 BERE R 7 A= ) 28 T80 ) 4% 22 () A4 7 B el J 2
TEIE 7% 1Y DBV A RO o 38 2 etk (%) P Y B R
2RI 7T 45 3 1Y 27 24 P 25 #5078 Resnet8+Hint 7
T Ty 26 R0 45 T PR RE b 3 M A S A A R A
TSI MERE J7 THEE L T 30W M 28 B FE T
P8 7 P 5 T, RO RIS T X R B IR A K
() B AR 1 S B 02 R B 1 o3 B R, 3 BH AR SR
A 18 A B T I B R 2R AR O T B A R

£ % Lk

[1] MARACIM A, NAPOLITANO R, PAPAGEORGHIOU
A, et al. Searching for structures of interest in an ultra-
sound video sequence[C]//Proceedings of the 5th Interna-
tional Workshop on Machine Learning in Medical Ima-
ging. Boston, USA, 2014: 133-140.

[2] PLATT J. Sequential minimal optimization: a fast al-
gorithm for training support vector machines[J]. Ad-
vances in kernel methods-support vector learning, 1998,
7:1-22.

[3] BAUMGARTNER C F, KAMNITSAS K, MATTHEW J,
et al. SonoNet: real-time detection and localisation of
fetal standard scan planes in freehand ultrasound[J]. IEEE
transactions on medical imaging, 2017, 36(11): 2204—
2215.

[4] MARACIM A, BRIDGE C P, NAPOLITANO R, et al. A
framework for analysis of linear ultrasound videos to de-
tect fetal presentation and heartbeat[J]. Medical image
analysis, 2017, 37: 22-36.

[5] LAFFERTY J D, MCCALLUM A, PEREIRA F C N.
Conditional random fields: probabilistic models for seg-
menting and labeling sequence data[C]//Proceedings of

the 18th International Conference on Machine Learning.



« 191 -

SRR, S5 F T R L P O iR ) ) KR 2R T ik

14

(6]

(7]

(8]

[9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

San Francisco, USA, 2001: 282-289.
RYOU H, YAQUB M, CAVALLARO A, et al. Auto-
mated 3D ultrasound biometry planes extraction for first
trimester fetal assessment[C]//Proceedings of the 7th In-
ternational Workshop on Machine Learning in Medical
Imaging. Athens, Greece, 2016: 196-204.
CHENG P M, MALHI M 8. Transfer learning with con-
volutional neural networks for classification of abdomin-
al ultrasound images[J]. Journal of digital imaging, 2017,
30(2): 234-243.
DONAHUE J. CaffeNet(GitHubPage)[EB/OL]. (2016~
05-6)[2021-05-11].https://github.com/BVLC/caffe/tree/
master/models/bvlc_reference caffenet
SIMONYAN K. VGG team ILSVRC-2014 model with
16 weight layers (GitHub Page)[EB/OL]. (2016-05-
16)[2021-05-11]. https://gist.github.com/ksimonyan/
211839¢770f7b538e2d8
HOWARD A G, ZHU Menglong, CHEN Bo, et al. Mo-
bileNets: efficient convolutional neural networks for mo-
bile vision applications[EB/OL]. (2017-04-17)[2021-05-
11]. https://arxiv.org/abs/1704.04861v1.
SANDLER M, HOWARD A, ZHU Menglong, et al.
MobileNetV2: inverted residuals and linear bottlenecks
[C]//Proceedings of 2018 IEEE/CVF Conference on
Computer Vision and Pattern Recognition. Salt Lake
City, USA, 2018: 4510-4520.
ANDREW A, SANDLER M, GRACE C, et al. Search-
ing for mobileNetV3[EB/OL]. (2019-05-06)[2021-05-
11].https://arxiv.org/abs/1905.02244v3.
BUCILUA C, CARUANA R, NICULESCU-MIZIL A.
Model compression[C]//Proceedings of the 12th ACM
SIGKDD International Conference on Knowledge Dis-
covery and Data Mining. Philadelphia, USA, 2006:
535-541.
ROMERO A, BALLAS N, KAHOU S E, et al. FitNets:
hints for thin deep nets[J]. (2014-12-19)[2021-05-11].
https://arxiv.org/abs/1412.6550v2.
HINTON G, VINYALS O, DEAN J. Distilling the know-
ledge in a neural network[EB/OL]. (2015-03-09)[2021-
05-11].https://arxiv.org/abs/1503.02531.
JIN Xiao, PENG Baoyun, WU Yichao, et al. Know-
ledge distillation via route constrained optimization
[C]//Proceedings of 2019 IEEE/CVF International Con-
ference on Computer Vision . Seoul, Korea , 2019: 1345—
1354,
PHUONG M H, LAMPERT C H. Towards understand-

[18]

[19]

[20]

[21]

[22]

ing knowledge distillation[C]//Proceedings of the 36th
International Conference on Machine Learning. Long
Beach, USA, 2019.

JI Guangda, ZHU Zhanxing. Knowledge distillation in
wide neural networks: risk bound, data efficiency and
imperfect teacher[EB/OL]. (2020-10-20)[2021-05-
11].https://arxiv.org/abs/2010.10090.

ZHANG Ying, XIANG Tao, HOSPEDALES T M, et al.
Deep mutual learning[C]//Proceedings of 2018 IEEE/
CVF Conference on Computer Vision and Pattern Re-
cognition. Salt Lake City, USA, 2018: 4320-4328.
MOBAHI H, FARAJTABAR M, BARTLETT P L. Self-
distillation amplifies regularization in Hilbert space
[EB/OL]. (2020-02-13)[2021-05-11].https://arxiv.org/
abs/2002.05715v1.

ZHAI Mengyao, CHEN Lei, TUNG F, et al. Lifelong
GAN: continual learning for conditional image genera-
tion[C]//Proceedings of 2019 IEEE/CVF International
Conference on Computer Vision . Seoul, South Korea,
2019: 2759-2768.

YUAN Li, TAY F E H, LI Guilin, et al. Revisit know-
ledge distillation: a teacher-free framework[C]//Proceed-
ings of the International Conference on Learning Repres-
entation. Addis Ababa, Ethiopia, 2020.

EE R

EISl e T R S S S0 T
) A ZE 2 | R PR AR B

JAIsg, BhREAF 5T 51, FEHF5E 7 1)
R Mg A, S5
BB 2030—H — A TR =
KITH 130, FHRER A RB RS
WH 1T, ERFERLLT R

TR, B, A4 S W, IEEE
Fellow, FEHFFEH MM A THESH
REEE R, REFRARBH R H
B AR F LR pu )i R gt
W — W TR B R B A
2030-Hr—fCA TR EATH., &
FERIBI 500 255, MR CEA
£33,


https://github.com/BVLC/caffe/tree/master/models/bvlc_reference_caffenet
https://github.com/BVLC/caffe/tree/master/models/bvlc_reference_caffenet
https://gist.github.com/ksimonyan/211839e770f7b538e2d8
https://gist.github.com/ksimonyan/211839e770f7b538e2d8
https://github.com/BVLC/caffe/tree/master/models/bvlc_reference_caffenet
https://github.com/BVLC/caffe/tree/master/models/bvlc_reference_caffenet
https://gist.github.com/ksimonyan/211839e770f7b538e2d8
https://gist.github.com/ksimonyan/211839e770f7b538e2d8
https://github.com/BVLC/caffe/tree/master/models/bvlc_reference_caffenet
https://github.com/BVLC/caffe/tree/master/models/bvlc_reference_caffenet
https://gist.github.com/ksimonyan/211839e770f7b538e2d8
https://gist.github.com/ksimonyan/211839e770f7b538e2d8
https://github.com/BVLC/caffe/tree/master/models/bvlc_reference_caffenet
https://github.com/BVLC/caffe/tree/master/models/bvlc_reference_caffenet
https://gist.github.com/ksimonyan/211839e770f7b538e2d8
https://gist.github.com/ksimonyan/211839e770f7b538e2d8

