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Abstract: In order to improve the automation degree of deep convolutional neural network(CNN) design and further
improve the accuracy of ceramic grainsegmentation using scanning electron microscope(SEM) images,a ceramic grain seg-
mentation method is proposed based on neural architecture search. This method designs searching spaces including the ones
of multi-branch structure for encoding and chain structure for decoding, where encoding cells(E-cell) and decoding cells(D-
cell) are constructed. The best E-cell and D-cell are found using reinforcement learning. Moreover, an encoding-decoding
neural architecture-based CNN is built for ceramic grain segmentation by stacking the best cells, and the pooling indices are
adopted to recover the lost details in the decoding stage. The experiment was carried out on a dataset of 629 SEM images of
ceramic grain, and the searching process took about 148 GPU-hours. Compared with SOTA methods such as U-Net and
SegNet, the proposed method obtained higher segmentation accuracy(mloU=68.9%) on a ceramic grains test dataset.

Key words: neural architecture search; encoding-decoding neural architecture ; ceramic grains; image segmentation;

encoding cell;decoding cell

1 355 BRYT | RA R T AR 24>, BF 78 A B3 1

AN = iy Vs i H - U458 (Scanning Electron Microscope , SEM) Xif B
bR —Fh 2 PRE, AT LTz N T A
TRV R IERIR, T T e i o, A5 BT RO R

Wk H 91 :2020-12-11 5 & 11 H 191 :2021-10-19; 5T S 245 D3
FEATH  FE HARRFE RS (No.61941202) ;)15 [ SR FF# 54 (No.2018GXNSFBA281081) ;7 Pk A UH AR 54 il 22 40 H1 5 50 56 28 TF il ik 4
(No0.2020-2-2)



462 H, +

E 2022 4

TP R S A PERED . 1 RR T —Fh B bR SEM ]
18, P ARORL A8 R CARORL ] B 25 B ) 2L B, G v R AR Al
TEARTT 53 g IBIAEAR ffokL (SEZbn 1) A SRR ok (R 2k

BREE ). AL AR RN B oA ok B e BB BE
A BAERZ IR FILGE T SEM IR rh AR R S
TGRS ) ZEAA R DT AT 2 7

Bl B Sk SEM EI&

ARG P B AL B SEM G B AR 2 B R 44K
FENLTTBL GO R BA U B0 RBRTE. 5%, —iF
SEM PG4 5 K h i) P 3 ok, N T SETHFEIS#E 7, 3L
BT B s FLUR, AR RASFLIU] , X be B A, AT
Giit 5 % 5 R0 T BG4 R B 22
e, WESE AR RS 20 A 69 A 3 e A T AR AT 2.
H) , T3 G v 530k e T 43 3 o AR TR
T AT i R B A B BT AN FHLARL s O T A b R B A
{143t A AR L L Qing 25 7S X it Gk A AT L SR )i fit
FHA 7K B3 AT R (B A ik B 431 )
FIU; A, Heilbronner 25 5 Hy 7 — b i T 6 F U I 1Y
Bl SR T 9, AU A RIS A JBT dk AR a4
SO R . X By R A% G 14 R A B R X kL
EAT 0, E 2 W 5 R SEM RI% Fb 1 5t s 9 358 K 8
ANEE) SR IR — 35 ELTEARAS K], 3550 o 6t 1 -
ANt HLICHE X 43 AN TR () diokr 6 8

7 3| 5 R 25 M 2% (Convolutional Neural Network ,
CNN) O B PG4 B0 S g PG o 02 e 14 19
)5 % Jiang F 25 SR T — ol 3 T b 28 00 2% 1RO Ry
RIEIE R o5 8075 75 5 Boyuan % R T —
FEICIE 1) U-Net' " 1 2 100 28 B I fINASAR 2 R, 2 85
T RRORL SRR I 25 R HLE T 2 SRR A
NN A BRI R 2 5 3 K I Sk 2 4 S B T
TR e I ENESE U Y e i SO e A EAE S A LN oY
SO AR BT CNN A A, 75 SR AT R & 1 2 80 A
(T CNN 1Y 28 25 FhF b2 il A i 2 i B BRA% R
AN HREAE).

22 ) 2% 25 f4 48 2% (Neural Architecture Search,
NAS)'2iE T CNN A B3 A 34k . %07 ik ae 4t
X4 AT 55 11 sh il s PERE 1) CNN 224417 NAS 1
DR I AR A AR R s ) S, i 1 R R W RV RE T
b SR R A S SCT B R Bk T LA b

P 2t 1) e 00 1 0 2% 45 K R S 500G 8, A Bk TR Ak
e 2] PO AL SR A R B Pk BE VA SR
FE SCT T A A 8 25 48 P e L T v Ak kb AR ) e A
RS AR I SE2 A e

R A T2 TR A W 45 S5 R e 2
A B T 28 A 2 5 48 1 1 i 5 48 R 3 TR 1 o %% U AR
5. LI NAS (8 27 MR R R 454 B — 2
Ve N T —Z %A . Z 5] ResNet ™ i Bk IR % 1211
o K, 25 S R Y LA 0 4% % 2 i 2 REVE
A AN A R P RAIE . NAS W] DL R A W45, (3
SRR AT BRI E KRR o TR
FZRACR NAS AT LS8 200 R H v] 1 A2 1 1 R 2% 45
¥4 (41 Cell 5% Block ) , Pk & fie A Cell 5 Block #4 il 3 14
(9 CNN27 FL T, 26 T NAS [ 8k 3 i CNN 76 L Al
KI5y Pk fe e b B 2t A T NN,

TEREEE AR o3 B RE 0 EUR o B 55 b, BT Aok
HARFAE AR IR 223 (8] 5 AR P RIS [R] A4 55, Toikads 914
53250 CNN T8 B R 2 IR o 5 . 36T ais- i
1225 ) 28 B A (Encoding and Decoding Neural Architec-
ture, EDNA) ) CNN 5 [ 2 1 UG 70 F B9 Rk, 491 40
LA X R Gt - R 5 44 ) U-Net "B 2 18 U IE
YR RE VR R AF B RA  A U HERA Y RIS I 2
JE U B B R 45 O A % 1) DeconvNet ™ BE B 11 1) f
52 EARIHTLIE A7 BRI 175 K, 5 SegNet ™ 7 4n i [ B {4
B AL A R 25 ()AL EAS S BB AL E 51 (Pooling indi-
ces) , R 5 TE M-S 9 BRI FH Pooling indices PR 32 T IR
B EbROLE . X T TR EUR S FIsh 2 M 45 T
NAS (IR 3 BRI AL T — 7 A1 28 o0 2 B LAl

1 i CNN B B sh AR IF i — 20 4 i b
B i b G ) ) AE AR M, — el Y 35 T g - i
P25 I 245 R 1Y NAS J7 I B4 i . AR SO 32 22 BTk
e



o2 M

BRI :ED-NAS: J T 28 [0 265 AR 1 2R (1) B T2 ks SEM PR 233507 i 463

(DR T —FhEE X B AL H B9 NAS 5% . 1%
JiEHET EDNA GE SR S [A] B8 58 25 6] 3y 2 i 23
VAN s [ D ELIRTIN R T8 28 . o, 2t s )R FH
BURIZ MR Z AR 2250 33 CEE ) ifp it s 8] DU R TR
AR AE RS A TR B A A L SRS RS R B e
Cell HEFJE B EDNA f) CNN I8 F - P e ki 0 1. 3
1K Fdii 24 kg 24 B8 g A -t 22 ) 288 B0 1 R (Encoding
and Decoding-Neural Architecture Search, ED-NAS).

()R T — B & R B 4R , JF HLED-NAS 7
BAEIZEE AR S — 2 A\ T8 SOTA B 4y #1 5
T AH L RS S B A1) CNN A BT HR0R FLELAT 56 4
JI BRI BE

2 HiE

OTIE FEALE AP BR AR A e L R
{3 Cell F1 Cell M Z 5K (AN 2 Fi 7R ). #5801 g
% B G b E R o BT 55 h Rl 2 RUEEAR BT IR =
15 8L, 2 T EDNA 5 S8 5 25 0], H b 45 5 Cell (En-
coding cell, E-cell) % £ L4548 , i Cell(Decoding
cell, D-cell) 5 F4E 20E5 ) 5 R , SR SR AL 2 2] 20 0 ik
o1 MR R AR E-cell F1 D-cell ; B )5 , B8 R BN 1 e
Cell i 3 2 KV Ji EDNA f) CNN, 47 B % it A 43 1)
HILRFv

203ty Cell

RS Cell

[1E]

ity — AT I 22 ) 2%

T G L — R AT A0 222 P00 % P48 2R 2 ) 5 S

D 4 cell
p—

) fRTD Cell

L

e /7 \ \
Lor. |[or. | HIRAR G~ RRRL 5102

1R 4 i 15234 e AT Add I
Cell KFf Cell KFE . Y
e e— Ve

(BRI ZE Lo, || op,

24 MO 50 l::>
Add oP, A
@ S Wik
S . Zwtid Cell D Cell
B% WERE cel  \_ Bt Cell % Cell HEA AR

&2 ED-NASJ5 ik Bk

2.1 EXHERTIE

T EDNA 1) CNN 3= 22 iy G i) 25 F i 0 4 41 h
i i e $2 AN ] RUBE 1) ETBCRAAIE |, ik A 25 K 2 ) e o
A G R AE K B R I s R KN 138 28 18 2 KR A
WL IR RN . 25 U-Net'' \SegNetm]% EODE
%, ED-NAS 435 M 25 1R F T EDNA.

B4, 2 ROEAS B 7855 fla X o F0 o 1A 32
PN RSN W 3 | R GV EAN R (i P
FHEA BBRE R 200 S0 4542 I, 76 NAS il &
BAG 257 45007 M Z5AE N E-cell.

RS ES 32 B AR AR R B G 1 2 RE(S BIE 0 2

GRS AR MR R S ERTE" R, AR A B B
US4 P 7 o %) e X 45 b B G G O A R A
5 HE NAS (48 R 25 AR R 102, FRATT A9 fige 15 W9 28 A8
A FH — Fh2s Il 454 ( A 4 R 40 O el R &
Gy A5 RS R RSB Cell. 7E4RAS I EL
K2 3 AR 148 B3 ], B4 2R E-cell; 7E R4 By
B RN BER A 48 K =3 6], B8 K D-cell.

—™ E-cell il # & £ 4> Block , £~ Block J&—
ARGy 32 2548 F K B AT Cell YA A 5K B B 5y
— AN k. Block (A% A RIERAE Y35 15 ph 455 1 25
SE . W 3(a) BN, E-cell H1 i1 Block AT LAl F— > 1Y



464 BT

EE 2022 4

TEA G {1,,0P,.1,,OP, | F 75 , Joth 1,1, ft & — 4
Block [ B ~43 3 i A ; OP,, OP, € O 183 Block M4~ 4>
SCHIBRAE ORI ISR R f

B lock, Block,
cal A | Jo| |2
&
oP,
T
T T
Cell Cell .,
(a) £ L EEHME-cell
Block, Block,
Cell;., HQ :%

(b) HEEED-cell

K3 Cell 25 [A] YR

—> D-cell F1.63 % 24> Block , fH—> Block {1V 3%
32K AR —> Cell MO , 25251 (An1&l 3(b) fir
7). D-cell F1 Block il TG4 4% { 1, OP, } %75 ,
Horp 1 A3 Block By%i A ,OP, € OfX3 Block BT .

R ERAERR T8 38 451 (conv) ZAh, B AL 55 BE
% AR 2 5O i s B A 9 TR B2 RT3 29 45 B (depth-
wise separable convolution, dw conv) LA I BE % 34 K& A7
B i) 23 1 £ FH (dilated convolution, dl conv) DA M B Kt
AHRAE (IR 1R ).

F1 FRBEES

(8 AR
3x3 dw conv 0
5x5 dw conv 1
3%3 conv 2
3x3 dl conv, dilation rate=2 3
3%3 max pooling 4

2.2 HERRECel

K5 ENASEO R B 48 2R HE 48 R B E-cell
I D-cell. 1 ¢, 3 TG ERH 2 9 42 g s il 4 75 R
ASRAERS 23 BT DY TT L G (1) E-cell F1 —TC4 4R H5 1)
D-cell [] i #6477 %A . 14 E-cell PU G 2H g i %t 1 14
Block, £ 1% 2 MBS (WL 1), 14> D-cell —J041 25
LS LA ERAERS . 2 85 R FE N A Block g i 4 2 1
A~ E-cell B¢ D-cell , i 1 HE & 24> E-cell Al D-cell #4) 1 3
T EDNA MG BE /28 , {7 FH Bl HLAS T RSk i A 1)
Yk, I AEIIEAE EUEATIOE . AR 108 90 265 1) 43 RS

(Mean Intersection over Union, mloU) , 3% FH 3 T~ 5% W& kf
JBE A iR A A > B O T 0 S B (e 1
MREERAE ). Z 5, T8 — 5 1R , H 2345 5
IG5 TR 4 e 2 P 2%
2.3 Cel#&5iK

WAL R BN A FeHE E-cell I D-cell HE Stk 8 T
P 5 fiob 5 FU G CNNL ] 4 e, F6AT 143 i e & LA
E-cell Fll D-cell F & 5T EDNA (M N4 . S T ANTE
RIS R IS ER , FATH T KA (Max-pooling)
PEAE [ 3 AEREA E-cell J5 T, b R A (Upsampling) 2 /E
[i] 5 75 B> D-cell BT . 4 1 D& B G B B B 114 2 [] o7
B TS B B 1R Pl i 2R 51k K
S F bR 23 TR, BIH A A i A 80 A R AR e 55 5 7
AR ZR T ARFR A A 1S A 1 53 5 R . TERR 22 I 25 1)
H5e J A8 Softmax X 5 Ji — At 2% 77 Az 1 e 4E R AE B
SPPHEAT 2 ) e 4 A B B A A R4 2R

3 X

SR PyTorch 1.4.0 S8, RG IR A Winl0,
CPU Intel i7,DDR4 RAM 16 GB,GPU GTX1070 Ti 8 GB.
S A5 A R AP B B . TERE R B, 4 Bix
T ANIR] Block $iit (V) B fe 18 W0 26 73 0 vl 1, LAB 7€
FeAE Cell €135 1 Block Bt s #E— 2, X L T D-cell 2R H]
22 3 3¢ RN 22 AR 1 468 32 099 2% 73 I A e L LA IE D-
cell I EEAZEA I DB . 7EMCR B, SR T R B Y
I AE: Cell #4365 1 T° EDNA Y1 28 44, %) L T A [\ Cell
HEBAH(L) MR 28 ) 45 43 IR 24 , OF 5 ERFNet ™ |
U-Net'""" _[ENet'*’ FCN-16""%  DeepLabv3"* Fl SegNet **’
S5 6 Ff SOTA J5iEHAT T HHAK .

3.1 HREK

B 5 it s 15 SR L H ST S-4800 ¥ 37 & G 1 4l
T B, SR AR 1Y BT HE RN 1 280%960 15 R
12 560x1 9201835, anf&l 5 ZE M s

R AR (1) SEM B4 3 ZALHE M AR AN BIAT AR 2 FpE
SR M AL T R R AR B
1 iR R P ARIC IR A4 — AT 25 Thric L+
A EIZEAI AL, TAERARK . o 1 m T TARIC AL
RN D[] — A rp [R) 2 B g ) A ARG, SR B
BLIE R 5 DX 7 2, HLA T — A~ DI ) it A
R 2~3 A XA BEHS A A i IR, sl R
AR BB AR TR 2 M2k . BT S
B R AN & 5 A M s, Herb 3 5k BT IS 7Y R ARHR
375 58 B B AR AR A B AR o, B FEAS L 5 Y
BLRECH 2-3.

}%F;’é R ﬁfﬁ js—segment-annotator-master XUL [EM%@
A AT R ( https://github. com/kyamagu/js-segment-an-



o2 M

ZEN:ED-NAS: JE T 25 [0 2 JAG 48 2R 1 B % it SEM MG 4081 7 v 465

—— Wiy == Max-pooling
A gy I Upsampling
L1 #auk
00000 Decell Softmax
@@ E-cell &®  Concat

........ > Pooling indices

e ZaEs >

e 5 >

4 HEE Cell M HEILT EDNA 141 25 W 45 (4R At 4 2R FH 224> E-cell i B A4 1, A 4 SR FH AR A1 A 19 D-cell HE B 44 L, B4 E-cell B HR—> Max-
pooling )2, I FLKf Pooling indices % fill 45 it #5565 B 1) D-cell {7 )

5 A G (ZEmD ST B 1R G

notator). 7&K bk X IBARTE A 1, [RIHSIR SRz X S8 AR
18R 2, HA X3 (3 SO ARTER 0. Bl 6 B/R T Al k)5
B bR IE LSRR . AR E B & 629 KIS
A0 RF I AR T 45 5, (Ground Truth, GT). 12 80¥E 4E it
—HE IR T 1 2 10 LU B AL 43 R DI R B0 U SE
MAAE . 22 WoR T8RS 80 o A SR
3.2 BHIRE

FEIY R B B, #5102 20 %5 0.003 5, Il 25 ep-
ochs 1 50, f Ak 3532 2R Y Adam ; 168 1 i 28 9 2% £ H
SGD #4711 %5 , batch size N 1, epochs “A 300, 2% >J <4y
0.05 (FEHUME ) , e S 405 ENAS I . £
B B, HE 8 1) #h 22 N 25 2R ] Adam HE47 91125, batch size
h 2,5 2] %05 0.000 04, 31 Zk 150 4> epochs. & B
BR HUNZRAESEAT YN SR, SR FH 36 UE R DAk 6 358 I 2% 4
IR . KB B R R N SRS AT 25, >R FH
AT R BN 2 W25 . PEALFE AR5 A mloU.

(a) EUGHEA (b) ATRLAL)S I GT
Ko  AIRLALS BIBRES SRR ]

K2 BEREHESHREE

2551 I | RursgE | s Po¥i br4s
AR 422 60 119 601 1
[FEERIN 435 63 125 623 2

3.3 #RFECel

B, X HAEAR ] NAE T, D-cell 2R 4% 20 25 44 5%
4 S LR B U2 4 BB . 41 V=3, 4,
X L=4, 3 (FRUEFEAN ] N AF R 45328 19 2% 19 Block &
B , D-cell 5351 5% HIBE UM 2203 3850, 2257 345
18 D-cell B4 IE 5 E-cell F[R] . N=3,4 B3R 3|19
et Cell 7354544 M Best-cell,_, il Best-cell,_,.



466 H, ¥

EE 2022 4

FE3 B2 T3k 4 Pk 4% 1) e A B EE R .
F3TH, 24 N=4, L=3, D-cell & JH & 1 14 X 4 f ik,
mloU # 15 (56.6%). 4 N, LIEARIF] , D-cell 5% F £ 20 4%
P I 357 L 22 43 SC 45 R B . A6 A TR] %) Block ol Bl 2% 4
N, N=4 . N=3 I 1 .

£3 BEMEBERIDERIELE

i I 4% Sy HIRERE (mIoU)/%
N=3,L=4, 55451 D-cell 54.9
N=4,1=3, 55451 D-cell 56.6
N=3,L=4, 24} 3554 D-cell 51.3
N=4,1=3, 245y X451 D-cell 53.5

IX 4 Fiffe 3 I 45 14 Fe A Cell 4544 23 0 AN 181 7 141 8
Jiizs . BT RER T D-cell K 145454 ] Best-cell,_, 1
Best-cell,_, FY 25 H4) Best-cell,_, 4 E-cell Fil D-cell 3 £ 1
4~ Block, D-cell f) — > Block Y i A Y 2 B Bif — 4>
Block [R5 1 , 5 F A fi] 5 5 N=4 I, 7 Hi AN AR 1) B
22 356 P51 45 4 B 32 6 1K) E-cell BE WS 8 5T 4 1 A 4R AE
WSS, XTI 1Y D-cell 6 52 SRS A0 A AR R A5 L, th & 3 7]
L, X R e e 0 28 AR A T S AT R R . TR 8 e T
D-cell 5k FHl 253 3 X &5 #9 Bf Best-cell,_, #1 Best-cell,_, )
4509, 5 7THI L, H D-cell 5 E-cell #R i £ 43 32 45
W, G55 R 3 0, BT BN E AR £ 03 3L 451 D-cell
e 3 IO 28 R AT 1) 43 FIORG B2 e XS5 ny AR . R 2
O S EE AR Cell Z0FE %% 87 GPU-IY 3zt i T4 2R fij £
b A A A Cell (29 61 GPU-H).

DR K6 R FH 22 43 32 45 H) E-cell 1% 2025 #4) D-Cell
[ EDNA Pt 25 [0 26 7 Pl s o B 4R 1 A 700K

Lo, | o, |
dw conv co“nv ‘|’
dw conv
5x35 3x3
3x3
Add |
1
VA N AV, dw conv
dw conv dw conv dw conv dw conv 3x3
3x3 3x3 5x5 3x3
Add Add
conv
3x3
E-cell D-cell

(a) Best-cell y_, &5t

3.4 MERNIIER

DB Bt , 3 8 B R 1) i 26 I 28 LA AR AR e AR 1) 43
FER P . KR, 3 1=3,4,5,6 - RHE 7
PP £ Cell (Best-cell,_, , Best-cell,_, ) 1 73k Z 505 .

&9 7R T W AP A Cell 76 A [] L AR I 44 2 (9 ED-
NA i 25 9 24 75 Bl e o A B 1 0 0 2 HR K
MRSKE L 380y 50, mIoU Bl L %) 58 K i 4
i, AH Y L4k SE 38 K2 6 B, mloU ¥4 FF FRE. 24 1=3
i, Best-cell,_, Fll Best-cell _, 4] % ) i 25 9] 265 53~ 51 1
PEAR 42 3 (mIoU=0.5) 5 24 L 34 & 4, 5 F1 6 I}, Best-
cell _, F4) 73 %I E 1 1 35 L Best-cell,_, & . 24 L=5, N=4
BF, AR e P B 20 B o | 2 o 2 ) 4 5 Al 3 6 A )
B AR B AE B T S e ki T R

F2 4875 T ED-NAS .ERFNet"** . U-Net''"! [ENet*’
FCN-16""2  DeepLabv3"® Fl SegNet > 7E Fij % /5 bL 5 48
S5 EAY A B HER I e . B 4 0T L ED-NAS #9431
YHE B M A5 5 (mIoU=68.9% ). SegNet I I T ED-NAS 43
FIERH P (mloU=68.0% ) , ‘& Al ED-NAS % ] 77 EDNA
Fl Pooling indices, {H ED-NAS H {1 E-cell {#i FH Bk BR 3% 322
filG 7R IR JZ R RRAE SR IO 0 ~F E RS 40, AT
AR BN PE HE SegNet B 4F . B8R K I EDNA ) U-
Net 7F 341 A5 SRR 1) 18 2 R h R B 6 (HAE P
wkr PR A3 v H mIoU 2400 47.7%. 5% F 9% BB B A
4 FIE M ALAE 22 1Y DeepLabv3 BEUSH™ K 8432 B H i £
RSB (H5 ED-NAS A H X dokn 43 1 1 2 7R v
PEATAT KBk . ERFNet Fl ENet A4 4 28 25 44 76 1 25 [0 28 T
J B8 0 8 O TS T B, B 5 M RE AN

mloU HHRK T 50%.

| Cell || Cell, , |

Z A
dw conv dw conv
3x3 3x3
Add [
N2
conv
N7 —~7
dw conv dw conv maxpool 3x3
3x3 3x3 3x3 I
N3
Add dw conv
; 3x3
conv conv
3x3 3x3 I
conv
A
focon L Coneat | D-cell

(b) Best-cell ,_ 451

7 D-cell RHEERLEH , ASR] NAE I B4 E Cell 4544

& 10 7R T ED-NAS A& JLA 7 7 B % kL
B R RG] . 5B 1 R AR K%, 55 2 51N GT,

B Ji5 LB A 45 PO 5 10 43 B 45 R . RFNet, U-Net 1
FCN-16 115> # 45 5 5 GT 47 1R KA 2% ; ENet #1 Deep-



%2 1 BB ED-NAS: FEF1 25 0 25 ZLA 48 2211 B i ks SEM MG 431 7 vk 467

cell, cet, | [ ca, | [Tca, | [Ccan,
|
N —

I
N

— 2 Pp——N —~ —
— £ - < dvx; >c(gnv 030):1;/ dvs; :(;nv dw3 z(;nv dl3c:;1v dw5 z(;nv dvg :gnv dw3 i(;nv
maxpool || dw conv ||| dw conv || dw conv

// \ _
= > dw conv || dI conv / /

3x3 3x3
Z 2 dw conv || dl conv conv dl conv
conv dl conv 3x3 3x3 3x3 3x3
3x3 3x3 j \I I/

\L AN dw conv ¥

conv dl conv 3x3 5%5

3x3 3x3 i

Concat
| comat |
E-cell D-cell E-cell D-cell
(a) Best-cell y_; 45t (b) Best-cell ,_, 44

8 D-cell R FHZ 4 4548 , AST] NAE I ) e A Cell 8544
Labv3 XJ A 6 5 i #0045 5 A8 55 g i MERf (HL 1

dw conv || dw conv
| 3x3 3x3

0.07

/4\ B Al R S 1) PR 0 AT 35 K A 2% 5 SegNet 1Y 45
Lo s SRR LB, A6 A7 26 P 150 3 515 36 0 T
// AT AR | T ED-NAS 76— FLEE 1R T 3%
0.60 F4 FEFEERERNHEE FNSEERE
g / i SRR (mloU ) /9%
055 ERFNet'** 40.4
/ U-Net''"! 477
0504 v ENet ™ 48.8
FCN-16" 58.1
0.45 3 4 5 6 DeepLabv3[36] 59.1
L SegNet 68.0
9 RIF NAE FHER L RAE: Cell B EDNA #2245 (4 HER 1 L ED-NAS 68.9
gk A FR%s ERFNet U-Net ENet FCN-16 DeepLaby 3 SegNet ED-NAS

PBI10  JLRRS 378 P e Ao B4R L 19 73 B 5 5 1



468 H, ¥

il 2022 4F

g

BRI U T S 03 0 o
4 R

sy =|

AR T —Fh T NAS (19 Fig 3 ok SEM K45 43
FJ7 Ik ZITIE BRI P SR A AR, AR L
I3 L EEF Y E-cell FEE XS54 19 D-cell, IR M Tr
SR HEEIE T EDNA 0 #2845 B 1 58 83 110 9 1 e Afy
BE AN T AR I 45 R R £ 0 AR E-cell
A X EE R D-Cell (915 58 90 45 v Aff J3E 0 g T 22 4 S 4%
Y1 E-cell F1 D-cell 758 W 2% . fr i 8 i 7 L BEWS R P
B AR BB A ST A AR CNN AR 55y
TS B L, R T B 54 S g
Sy it — A0 4 v W B R A EIE R R N — B RS
JEAINRES i A 2 BT SUE B A B (v &
FIREER ) Sk i 4 AR A (], I Rl dE 4 2R SR LA 3R AS T A
O3 F T RE 0 10 28 X 45 A

5% 3Lk

(1] SRl 245, . SEib Ry B ARMIFSE IR K 4 S a4
[J1. BidA kL, 2016, (1): 2-8.

ZHANG Weiru, LI Ling, WANG Kun. Research status
and development trend of advanced ceramic materials[J].
New Materials Industry, 2016, (1): 2-8. (in Chinese)

[2] CHEN Y W, MOUSSI J, DRURY J L, et al. Zirconia in
biomedical applications[J]. Expert Rev Med Devices,
2016: 945-963.

[3] VIOLA G, CHONG K B, ERIKSSON M, et al. Effect of
grain size on domain structures, dielectric and thermal de-
poling of Nd-substituted bismuth titanate ceramics|J]. Ap-
plied Physics Letters, 2013, 103(18): 899.

(4] &Y, BRY, JHSCE, 5 80s SRR 0K 2l (1 P 2

R ARORL T 1. A 3k 5 4, 2020, 46(x): 1-16. DOL:
10.16383/j.aas.c200277.
LEI Tao, LI Yuntong, ZHOU Wenzheng, et al. Grain seg-
mentation of ceramic materials using data-driven jointing
model-driven[J]. Acta Automatica Sinica, 2020, 46(x): 1-
16. DOI:10.16383/j.aas.c200277. (in Chinese)

[5] BODNAR J L, NICOLAS J L, CANDORE J C. Non-de-
structive testing by infrared thermography under random
excitation and ARMA analysis|J]. International Journal of
Thermophysics, 2012, 33(10-11): 2011-2015.

[6] ZHANG L X, XU Z, WEI S, et al. Grain size automatic de-
termination for 7050 Al alloy based on a fuzzy logic meth-
od|[J]. Rare Metal Materials and Engineering, 2016, 45:
548-554.

[7] LI Q, NI X, LIU G. Ceramic image processing using the

second curvelet transform and watershed algorithm|[C]//
IEEE International Conference on Robotics and Biomimet-
ics(ROBIO). Sanya, China: IEEE, 2007: 2037-2042.

[8] VINCENT L, SOILLE P. Watersheds in digital spaces: An
efficient algorithm based on immersion simulations[J].
IEEE Transactions on Pattern Analysis and Machine Intel-
ligence, 1991, 13(6): 583-598.

[9] HEILBRONNER R. Automatic grain boundary detection
and grain size analysis using polarization micrographs or
orientation images|J]. Journal of Structural Geology, 2000,
22:969-981.

[10] SCHMIDHUBER J. Deep learning in neural networks:

An overview|]J]. Neural networks, 2015, 61: 85-117.

[11] RONNEBERGER O, FISCHER P, BROX T. U-Net: Con-
volutional networks for biomedicalimage segmentation
[EB/OL]. (2015-05-18). https://arxiv.org/abs/1505.04597.

[12] LONG J, SHELHAMER E, DARRELL T. Fully convolu-
tional networks for semantic segmentation[CJ//IEEE Con-
ference on Computer Vision and Pattern Recognition
(CVPR). Boston, MA, USA: IEEE, 2015: 3431-3440.

[13] JIANG F, GU Q, HAO H, et al. Feature extraction and
grain segmentation of sandstone images based on convo-
lutional neural networks[C]//24th International Confer-
ence on Pattern Recognition(ICPR). Beijing, China:
IEEE, 2018: 2636-2641.

[14] MA B, LIU C, WEI X, et al. WPU-Net: Boundary learning
by usi-ng weighted propagation in convolution network[EB/
OL]. (2019-05-22). https://arxiv.org/abs/1905.09226.

[15] LIU Y, CHENG MM, HU X, et al. Richer convolutional
features for edge detection[C]//Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition.
Honolulu, HI, USA: IEEE, 2017: 3000-3009.

[16] ZOPH B, LEQ V. Neural architecture search with rein-
forcement learning| EB/OL]. https://arxiv.org/abs/1611.015
78,2017-02-15.

[17] LIU C, CHEN LC, SCHROFF F, et al. Auto-deeplab: Hi-
erarchical neural architecture search for semantic image
segmentation[C]//2019 TEEE/CVF Conference on Com-
puter Vision and Pattern Recognition(CVPR). Long
Beach, CA, USA: IEEE, 2019: 82-92.

[18] ZHANG Y, QIU Z, LIU J, et al. Customizable Architec-
ture Search for Semantic Segmentation|C]//2019 IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition(CVPR). Long Beach, CA, USA: IEEE, 2019:
11633-11642.

[19] ELSKEN T, METZEN J H, HUTTER F. Neural architec-



BRI :ED-NAS: J T 28 [0 265 AR 1 2R (1) B T2 ks SEM PR 233507 i

469

[20]

[21]

(23]

[24]

[25]

[26]

[27

[E—

(28]

[29]

[30]

[31]

ture search: A survey[EB/OL]. (2019-04-26). https://arxiv.
org/abs/1808.05377.

ZHONG Z, YAN J, WU W, et al. Practical block-wise
neural network architecture generation[C]//2018 IEEE/
CVF Conference on Computer Vision and Pattern Recog-
nition. Salt Lake City, UT, USA: IEEE, 2018: 2423-2432.
ZOPH B, VASUDEVAN V, SHLENS J, et al. Learning
transferable architectures for scalable image recognition
[C//TEEE/CVF Conference on Computer Vision and Pat-
tern Recognition. Salt Lake City, UT, USA: IEEE, 2018:
8697-8710.

CHEN LC, ZHU Y, PAPANDREOU G, et al. Encoder-
decoder with atrous separable convolution for semantic
image segmentation|[C]//Proceedings of the European
Conference on Computer Vision(ECCV). Munich: Spring-
er, 2018: 801-818.

ELSKEN T, METZEN J H, HUTTER F. Simple and efficient
architecture search for convolutional neural networks[EB/
OL]. (2017-11-13). https://arxiv.org/abs/1711.04528.
BAKER B, GUPTA O, NAIK N, et al. Designing neural
network architectures using reinforcement learning[EB/
OL]J. (2017-03-22). https://arxiv.org/abs/1611.02167.

HE K, ZHANG X, REN S, et al. Deep residual learning
for image recognition[C]//IEEE Conference on Computer
Vision and Pattern Recognition(CVPR). Seattle, WA,
USA: IEEE, 2016: 770-778.

REAL E, AGGARWAL A, HUANG Y, et al. Regular-
ized evolution for image classifier architecture search[EB/
OL]. (2019-02-16). https://arxiv.org/abs/1802.01548.

LIU C, ZOPH B, SHLENS ], et al. Progressive neural ar-
chitecture search[EB/OL]. (2018-07-26). https://arxiv.org/abs/
1712.00559.

NOH H, HONG S, HAN B. Learning deconvolution net-
work for semantic segmentation|C]//IEEE International
Conference on Computer Vision(ICCV). Santiago, Chile:
IEEE, 2015: 1520-1528.

BADRINARAYANAN V, KENDALL A, CIPOLLA R.
SegNet: A deep convolutional encoder-decoder architec-
ture for image segmentation|J]. IEEE Transactions on Pat-
tern Analysis and Machine Intelligence, 2017, 39: 2481-
2495.

PHAM H, GUAN M Y, ZOPH B, et al. Efficient neural
architecture search via parameter sharing|EB/OL]. (2018-
02-12). https://arxiv.org/abs/1802.03268

ZHAO H, SHI J, QI X, et al. Pyramid scene parsing net-
work[CJ/TEEE Conference on Computer Vision and Pat-

[32]

[33]

[34]

[35]

[36]

tern Recognition(CVPR). Honolulu, HI, USA: IEEE,
2017: 6230-6239.

ZAREMBA W, SUTSKEVER I, VINYALS O. Recurrent
neural network regularization[EB/OL]. (2015-02-19).
https://arxiv.org/abs/1409.2329.

SUTTON R S, MCALLESTER D, SINGH S, et al. Poli-
cy gradient methods for reinforcement learning with func-
tion approximation[J]. Advances in Neural Information
Processing Systems, 1999, 12: 1057-1063.

ROMERA E, ALVAREZ J M, BERGASA L M, et al.
ERFNet: Efficient residual factorized convnet for real-
time semantic segmentation[J]. IEEE Transactions on In-
telligent Transportation Systems, 2018, 19(1): 263-272.
PASZKE A, CHAURASIA A, KIM S, et al. ENet: A deep
neural network architecture for real-time semantic seg-
mentation[EB/OL].(2016-06-07). https://arxiv.org/abs/1606.
02147.

CHEN LC, PAPANDREOU G, SCHROFF F, et al. Re-
thinking atrous convolution for semantic image segmentation

[EB/OL]. (2017-12-05). https://arxiv.org/abs/1706.05587.

EZE '

BBW 4, 19964 11T A, e T 4E
N5k = 7 S Bp N = Rt U 7 Ul e e
SRS 8] R EEHLILGE R
E-mail: kiko.c@qq.com

BH%EBRIEE) 519794 6 H ik,
WIR T 2 N BT E B B AR, 1
Az S0, WF5ETT [ AT AL SE TR 2

E-mail: yattie@foxmail.com



