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Abstract: Morphological features of embryo play an important role to evaluate the quality of human embryos in vitro
fertilization. Embryologists mainly use time-lapse imaging (TLI) technology to observe the morphological variation of em-
bryo images and select the most potential embryos for subsequent transfer or cryopreservation. However, manual evalua-
tion is not only time-consuming and laborious, but it also demands specialty-oriented skills and has some subjectivities. To
solve this problem, we propose a semantic segmentation method of embryo images based on curriculum learning to segment
embryo cell, cytoplasm and pronucleus, which can provide the quantitative parameters of morphological feature for the sub-
sequent evaluation of embryo quality. First, IoU (Intersection over Union) index that is usually used to evaluate the perfor-
mance of semantic segmentation algorithms is adopted to construct a difficulty scoring function (SF) of curriculum learn-
ing. All samples are sorted from easy to difficult according to SF value. Second, we define a pace function (PF) by combin-
ing the SF and the number of target categories, and sample subsets is established with increasing sequence of difficulty.

Lastly, we design a multi-stage progressive U-net (MSPU) model to segment embryo cell, cytoplasm and pronucleus em-
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bryo images at pronuclear-stage, in which the network at different stages are trained using the sample subsets with increas-

ing sequence of difficulty. Experimental results demonstrate that our proposed MSPU model obtains a satisfactory perfor-

mance on the semantic segmentation of embryo images, and IoU is improved by 1.4% compared with Vanilla Baseline.

Our proposed MSPU model shows a pleasing consistency on the easy and difficult segmentation tasks, for example the im-

provement of 4.6% and 1.2% can be obtained for the segmentation of embryonic cells and pronucleus, respectively.
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6: fors=1,2,---,C(T) do
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11: end for
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Stage 2 . vy
\_ U-net
e
Fine-Tune
Stage 3 . v
\\ U-net /
P4 ASCHR Y MSPU AR T K A Ak it i
3 SCIp £1 BREEEST
3.1 XREE

SEUGSE B E AT AL HE SR N Intel (R) Core (TM)
i7-8700 CPU @ 3.2 GHz; RAM 7 32 GB; GPU 4 GeForce
GTX 2080 Titan 11 GB {247 ; iH B HLEANE R 5N Win-
dows 10; FF & T. 2.4 Python, Pytorch HEZE . [ £ 4 AU 1|
i, R A Adam AL S , 24 2 R E 4 0.000 1, Batch
Size A 4.

3.2 HIEE

ASCHIVE T WG G E S BIEE 46 |, B o R
TR T s BE B AR FE s AR rho B3 I8 IR Y
Time-Lapse J7 51 E& , 5B T 91 KGR S 5~6 K, B
B 5 A3 Rk — TR . e 2 45 T B4R 0 A, 2 X
Y UEAR IR ARG A0 i R 2y, BDYIZR4E B0 E 45 5 I 4E AR
SAFAE R — D IEAR AN . VR4 B0 E 4 5 MR A 7 K
U HL BRI 20 R 810 1. Fh B e G B0E:
DY AN e

Train Validation | Test Total
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Our Curriculum wl 2 i+ 240 0.900 0.978 0.912 0.946
2 A+ AT+ A% 0911 0.962 0.915

S REALE S PRI A 2 L 55 B U — @ 42 Tt
L5533 SR 6, K BUBL LR 40 1 S5 A0 SR 23 4
REHZ 55 3, R AT RELE T - (D) 1E— IR iR P 51 1]
Grb, HAT 401 9 P45 K (240 350 i) szt i 2 T B
A7 IR 5 240 5 ) PP TR (249 2 100 o). T HL7E #
i PG b R F RSB/ TR A R R o e

D 3 A AN B B AR 5 (2) IR 6 FR 40719 TR
BRI LA Y, 40 5 S i 5 1, o 50 2 e 5 4
i3 00 J5 i SR, i RE Y-, 3 R AN R s A
055 A0 i S S O AR, HH bR N AR
IrHIMERE F R . bR B G5 IR I TR SO A R
TR

(¢) Vanilla Baseline

(b) Gt

(a) WEJRIEE

(d) ANTI-Curriculum (e) Random-Curriculum

(f) Our Curriculum
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N T kA R A [ R 27 ~F SR AR BE Y
SR AR SCM AT 1 18 LA [ IR i AR 1 ToU (B 23
A, WAL T 7R . R AR B AR AN [ U o ~) S, A Ak
PRARER T B ToU A . AT LAFR Hh A SCH Y 7 ik 404
TR AR, T 22 B/, BB A RO B b T A AR SC
T2 H A BRAR 27 ] SR A M) T 32 o R B PR S o3 A
TR

1.00
IR i =
=)
2
Vanilla ANTI- Random- Our
baseline curriculum curriculum curriculum

7 I8 B S EI SR A AR

T8 25 1 A [R DR AR 27 T 5 Wi 0T 19X 28 A5 AR Se S
RE RS BE I 52, o] LA th, 51 ABRFR 2 2] e AT LARCR
P& 757 X 2 BT A S, R4S ANTI-Curriculum #5275
WAL SR TP T AR S IR 2 2T R W R [ ST 18 Y
T SVERE 5 A HIRE B

0.996 |
0.994 ——————k———K
20992 Fw— T
2
2 099 —=#— Vanilla baseline
ANTI-curriculum
0.988 Random-curriculum
0.986 —%— Our curriculum
26 27 28 29 30
Epoch
0'996 AIIIOIIVIIISIVIBIVIRIICIVICICICICICICIO
0.988
> 0.98
g 0.972
Q
2 0.964
—=— Vanilla baseline
0.956 +— ANTI-curriculum
0.948 Random-curriculum
0.94 —¥— Our curriculum
0 10 20 30 40
Epoch

P8 AR URAR > M B4 150 2R U s

3.5 AFFEIEE SegTHOR EHYSLIS

h T XS LA B A SO R AR A ) SRS A T
SO VIR B 0 RO AR SCHE 2 B8 A2 i fa L
FEE Y E] Seg THOR ™ L HEA T 1 X L5256

SegTHOR i JF £ Je s B 6 B 02— Fh i H S ALIBT =
HH (Computed Tomography, CT) K14 . SegTHOR B
EE MRS B — o AU AR (D)3
H 7 1 A G 5 (2) T B84 46 vh 187 5 K R TR, ok
FEREAIC, H AR FEBOR 5 AR 15 M 5 (3) A 6] H bR 447 7R
—E WMERERR B, AN [F] 4% B Z A SME R AFAE BRI
255 NSO RT3 B IR L T A0SR B B 43 M
FE R 5 (4) AR N B 8 B A R KA — B
AR 3 — i IE S AR SO TIL H AR & 2 A SRR 1E5
5L, A 2 A0 B S A DA R SF RN — | B 2
WG & & 7 —E WIBAS , BT o IR AR W] H
P b 5 R R 2 S ) o R

5T K 40 -9 AR B AR LA 8+ 1 1 1Y He A5 )
S NINGREE BEAR SIRAE . Dy 1R A [ D) 5 A A
TEZEAE S Y53 FIPERE , ok HI DSCAE A 43 1 1Y 2
FEARUS. FLFRAE T I i CT UG T A7 AE /N E bR 43
HESEE) BER N AN R BRI 3. 7%
52.6%. 510U M Lt , K FH DSCAE R A 46 45 , B A
AR ) 43 IR BE

N3 4 F1 7% , MSPU \MSPFen , MSPSegnet . MSPDeep-
labv3+3Z 78 43 9 LA U-net .FCN . Segnet 5 Deeplabv3+ﬁ5
FB TR Z i BBiRl . R4 R B KA
SCHE Y Z2 B Bl ik X2 2 SR R T AN [ R 2%
HIAEAL , BIREHR TH I 45 19 43 FIPE BE , FR AR AE A 23 I
JETR B B s (B ) AR T4 53 B P RE
(RN, 7545 AN )i 1 I 4% D7 V6 e b il A ) % BE AT
DAL S A SCHE HA ) MSPU A58 780 35 A5 5 4 g 44 4331
TEHE .

4 SegTHOR #iE&E 4 %I DSCE

i /| OAE | RE | EEk | Over-all
U-net 0.601 | 0922 | 0.848 | 0.867 | 0.761
MSPU 0.936 | 0988 | 0.882 | 0933 | 0.893
Fen 0.825 | 0986 | 0.813 | 0931 | 0.846
MSPFen 0.888 | 0.988 | 0.891 | 0.918 | 0.886
Segnet 0.553 | 0.796 | 0.705 | 0.752 | 0.637
MSPSegnet 0.580 | 0.794 | 0.789 | 0.812 | 0.680
Deeplabv3+ 0.870 | 0972 | 0779 | 0.892 | 0.832
MSPDeeplabv3+ | 0.864 | 0962 | 0.868 | 0.901 | 0.855
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T 0 4% B AR AL o B a5 SR T Ak IR L 5 AT S A U AT
JE AR — AT ORISR = AT B 2T HE X R 45 iR .
55 DUAT A =8 A DU A RTAL, ZE R B Ar GO AE)
53 I, Unet 5 MSPU PEBEAH 24, (H T X T8/ H b
SyE L CEEE) , MSPU 3k 45 1 0 4 1 4 E P B 45 o

N N9 WS AT 5 AR pUAT T, 5 B
LA RUAR L, AR SCHR M A MSPU 345 T 5 & AR h
— B o B A5 R Xt 1 AR SR Y IR R A 2T
R KBRS T WA B bR (B 53 ) B %, i
ThT W 4% 455 70 R 4y PR E 2 FI Y B AR IX S A
BT R A 5 T A

(a) CTEME (b) 4h5#E (¢) U-net (d) MSPU (e) FCN (f) MSPFCN (g) Segnet (h) MSPSegnet (i) Deeplabv3+ () MSPDeeplabv3+
K9 RIRIJT¥AE Seg THOR Fidii 46 by 45 51

4 BE5SIHE

ARG G IR S T SR, B M T — b 2 B Brid ot
NG TR o3RRS | 2B AR FHIEAG 1 53
FAERERYFE b ToU R ER TR 27 ) A3 E D R K, OF
255 FARZ I BOR Al PRAR 27 2] 00 20 ] pR 8, S IRAS [
HESE PIREAS T2 400 3, TN 5 1w R 27 ] 5 Wk i
HEHR TH IR G 53 o HIRE RS 4 PR RE , EL il TR 5 1
IRRTRIGRAS 1 S I B R . TEAOR AR A SR
H AR R A 26 2 R RS o3 B 55, DA T 46
EAR R 492 A 2R B B R AT A
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