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Abstract

Image recognition refers to the technology of using computer to process, analyze and understand
images in order to identify targets and objects in different modes. And carry out a series of en-
hancement and reconstruction technical means for the poor quality image, so as to effectively im-
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prove the image quality. In this paper, the improved capsule network is used to train MNIST data
set. Capsule is a group of neurons, and its activity vector represents the instantiation parameters
of a specific type of entity. Its length represents the probability of entity existence, and its direc-
tion represents the instantiation parameters of entity. For low-level active capsule, the instantia-
tion parameters of high-level capsule are predicted according to the transfer matrix; when mul-
tiple predictions are consistent, the high-level capsule is activated. In this paper, spread loss is
used to replace margin loss to avoid premature “inactivation” capsule, without adding reconstruc-
tion sub network, different routing iteration times are studied to determine the impact of routing
iteration times on classification accuracy and determine the optimal parameters of the model. The
research shows that the misclassification rate of the model on MNIST data set without enhance-
ment and expansion is as low as 0.32%. At the same time, the improved capsule network also
shows good performance on Fashion-MNIST and CIFAR-10 data sets.
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Figure 1. Flow chart of image recognition

1. EfgaRARIZE

EHZ AR 2 i i 43 28 4 B SURRE T HERR 2 R IME BRI B . PR RES MR E, THENL
PRI TR —5, R0 26 205 4 FH R G R , Hohi@ 88 1m] 9 5 softmax =] JF 7E &
B 2 R .

B [AA[1] (logistic regression) ] “one-vs-all” ik T 5 H 77045, K MNIST i A\ FRHIE [
BN — Mg, BV RECRII 2, K2 R B A A D sigmoid BRELHIHRIN, 15 21—
FAE, LR 10 DAFER A, 2R RN 07, OB BT B, (2245 B RS Ge ORI H
1) 10 MEFE 2 A1 1. Softmax [EIASVEARIF M@ e 11X AN ). Softmax [R1 VA SR 4 N (R RRAIE [r) 4
I 10 AMRFIEEAE M softmax B ARSI, Firth 10 AN, LIIX I I EfE, Hih 2 Fiok 1.
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Figure 2. Convolutional neural network
2. ERMEWLE

BRUS H IR SR S B, TORRI I TR s o, TRk S A AT R
H R RN IS B BRI L0 YA 2 [ 2 18] 06 R IR Re 71 AN R, I B kT 2 J5 1)
BRI RE AR, B2 B Aa%TE.

BEAG BTN 2% B, i X SR B S BAR R, GlEf. P, MR NFS5HET
HETLAARORT, XA A AR 5T R RS DR BN o RO I 4% (14 e 9 2% 22 ]
AR B BIRMAM G, A b ERi, SRRV ERER, 1M
Hgb T, R TR R HE S . (R AR e R A e R RR, A S I RN R
B, EMBIESNSB MBI ILEIER R T RIFTERE, 70582 EHIERE 2 U 3h &
% EH A FH 2 75 M e — A i) i

A F B TR

1) EFHEM T, 4 spread #5120 margin i<, LN 7 Ao mE, # %
R I ORI R

2) EAMBEMMELT, XA FE HEAIR BT, 052 B B AR BN 73 2 2 1R 52
et e R B R S 4

3) WHFLRH, ol ZE N L& 015 EUG R BB B 18, A ok e FE W 45 /£ Fashion-MNIST,
CIFAR-10 ##5% FtBRILH T R P HERE .

2. HXI1E

2012 %, AlexNet [5]5] N\ T ReLU p&%k, fiehe 7 AUETH R, 51N T dropout AR, Kbt
PUE R R 5 T KR S i A BT S A e 5 AR AR 2 K L. 2014 4F, VGGNet [6]1 ] T /MK
B A EIR PN 25 EAS M N 4R B LT, 5l NAEZRPEAR e, FRARTHE & SR T Multi-Scale
HI77 R INZR AT, mT A il Sh it B &, B bR G, ST AERS 2R . [F4FE, GooglLeNet [7]
[8]M ] inception HEHRZEFIIR TN ZREE 5, — BT 1 x 1 BB T R4E, —RAEZAN RS EFRN
HITERHES, [RNEEGANZEERE I RHERR.

XEER K ZHGE T2 HE 2, SEOFREER K. WERREXEF R R R E T, MML)Z 50
TJE s MZE e DLEET SN A PR AE A S B L, (ERBE S W48 25O Wi b, mre< H IURS BE T % i)
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TR 2T % B BE R ] R

2015 4, ResNet [9]3 jof 7k 2 2 S ff ok T IR FE P 265 (PR A 1), JL N0 sk 2 B P T ke sz, 2%
il 5 AL IR FEEAM 22 00X 2 v 358 TR PS8 7 SR R LT SR [ L, AT LI H BE R IR 4% . 2017 4, DenseNet [10]
BN TN E Z [ RO &R, 7870 B R AR D8 R0 B Y 2% 1 ) ;s 7 bottleneck layer, Translation layer
DA KA /N growth rate 1S X252 43 5 4%, Tk 280, A Rl A Bk R E

X LG 2% AR — e FR S AR T BREE R ), (HA R FARIR SRR I 2, Rl I I L6 o) 28 X6 47)
P2 E] )23 (B SR R IR AR I AR, I B ies% 2 Ja (10 BEUR R B RS 1A

2017 4, Hinton % A$2H T I FEM 2% [11] (Capsule Network, CapsNet), HIIR%EZE 2 [ IZh A% Bk
REGRME MR )Z, Hin R ER H, Ao TR T SR Z X N R i A B A5
B RTHRRI R . IR AAE MNIST il g EES T REFI 0 RAEm R, I HX mEESR
B A RERERRAEE . N T e B AR EMNE T RIE T EREENER, A OB INER
TMBHER TS, B B,

3. BRREMLE

IR 2 P 0 T ) 4% 5 ) o ) — 2L 4 BME S 0 45 L P B 2 TR LR B, PR LR K Sk
FRSARAEAE IR, B 07 R F R 2SR ek B8, IRTEM L IO A R AR ST 1, skt
R TEA R 2 N IR RS g, T L4 E i R B %R [12].
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ReLU Convl 556 ” L2||

~< S PrimaryCaps

mm 979

20

Figure 3. Capsule network
B 3. RREMLE

3.1 REMGBLE
Je g W 2% S R (1] 3) B & NG (1 Conv 3Rom) Al— A4 i4% )= (] FC 3KoR), IR % M 4% ] CapsNet
.
Input — Convl:[28, 28, 1] —=MELELRAY 150 20, 256] @)
F—MNERR(Convl) i 256 NERUZ K/ 9*9 MR as, B KN 1, TEIHFE, BUihRECN ReLU
B, 95— 20%20%256 [, BOA T 1%)E EEAE AR G B R ORI, 2R
Ja FIERI SR 2 2 BN -
Convl — PrimaryCaps : [20, 20, 256] —2M2)1E=2 1 6 g 3]
e, [1152,8] 205 [1152,8](u, € R® (i =1,2,-++,1152))

@
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5 ANERE (Conv2) U] 4% 1k 32 7 (PrimaryCaps), #IZUKREEEA 32 ANiliE, 4EfE 8 4, Bl
AL R TR E 8 MEIHIT, BABRRITIIEIRZA 959, KN 2. FAWIRR IS H v LA 3]
256*9*9 NGB IT I A H . WIS TSI 32%6%6 MBI L, AR A 8 gE R, A
JRFELE 6%6 A% HL S B ER, DRI 3 J2 0t R 4 B 2 6%6%8%32.

. - . 8 W(j=01--9) .~
PrimaryCaps — DigitCaps : u; € R® —————U;; =Wy,
2
. s s 3
—os; =Ygl — Ty, = squash (s, ) = ” ’" e R*
I

1+||sj||2 ”51"

A — BT K5 )2 (DigitCaps), J5H 10 PR, & NRGE— 16 RKE, SR ERS
i L —EREA . VRKEZ S TFREZ 2R SEER, fiEE 6%6*32 Mok, BN ITHRER
& 1*8 M, MJEHEA 10 NoxE (B 10 MT), AR L 1*16 r&E, N T ik 1*8 KM=
5 1*16 &4 ERE, T 6%6*32 4> 8%16 MIEIT . ¥WILIKHEEH 1152 Ma&E, M FKEZE 10 1
), MRAE SN AR AT IEA, MRS AU L 10 My,

(R R e B (1) 4 P 3R s SEARAEAE (PR R, BT DA SR B ) &1 L, Y 4] .

Output ( probability): v, —L2—>(||v0 el ve ||) (4)

PSR R B 2 2 IRV B A A st SE B, B i AR 55 R BIRE — MR I 2 (0 i
] RESE IR — AR R
3.2. BhASEEH

WAL 8 1 JPe 4 2 2 W) ) e B b S A i B, 8 | RO | 598 (1 +1) R0 IR 3E | Z IR Bhas ik

KRR T
BRIE i (Mt vy, YE | SIRTE § 2 MR E R W, . REE § BURE j A& G A
Uy =Wy, )
ik SRS)IE FPAUITTE =S (EMVSF
ool
= 6
K 2. exp(by ) ©

Forith, WIATAE, o HIEREAHK T,
b, WIHATEA 0, FH RS/ NRIEN GRS & R BN Uk, kK N T — BRI, BTG —
A T 2 IR B AR, R LRI 1.

5 (141) RIRHe j (i A s, .
5;=2,6Uy )
X s, HEGERE, 2 s, AREFRR, Ay RN 0 K 2 s, ARIER,
B v, BR AR RIS /N T 1L (8 AT 1 He 46 6 £ squash

2
sl s,
V= PRI 8
1+ Isi]

TSI, NTBIES T RE, E5E|s| BN e (I 107-7)), B
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lsf| ~ /Z s+ )

B S AN SO o L T AT ) R AR, ROBBOR, SR, — b, B ey Y-

a; =v; -0y (10)
FEV SR EE | IR BIRCEE | TR & RN EZ AT, 45 o, ININEIRIGE b, FEREB S %, -
b; < by +a; (11)

b E S T A E B0, a MUK, BE RE e UK, IRRE | o BORIRE j AT RE
PERCR, RIHE j HBam MIBEABOR,  SEARAAAEIRESIBOR

A5 FH TG R 2 R0 2% (0 b i LR AL AGH I 48 5 il 1 10 B b, R B T A S P i e P SO
B, P AN IR BEAE AT AL HE I, DUSERTAE T — Mo R 3 .

S EE R, B HIEAREON v For, ARSCWETCREAE s AU AR, B SRHER R
fIAeALiEs, LA E R KRS

ENAH IR

Procedure: Routing algorithm
procedure ROUTING (i, r,1)
for all capsule i in layer | and capsule j in layer (1+1): b; < 0.
for r iterations do
for all capsule i in layer I: ¢, < softmax(b,)
for all capsule j in layer (1+1): s; « > c,0;
for all capsule j in layer (1+1): V; <—squash(s].)
for all capsule i in layer I and capsule jin layer (1+1): b, «b;+ Gw v,
return v,

3.3. MkEH

PN IERE Fo v 22 70 RIFI AEAE, Pt AR B AR GRS SR B2 2%, 1 2 F 18] B 452 2% (marrgin loss)
KRFBIRIIVERE . BRI RINRIRRIR R L, «

L =T, max(O, m* —||vk||)2 +A(1-T,) malx(0,||vk |- m‘)2 (12)

H k&, T R REfERmE, B2 kRAEER, T &T L A kEAFER, T 5ET0. m™ A
ESE, SRARHUE DY 0.9, FETIMEFHYE, ROT k RAFAE(HESEALAAE; m RS, BLAEHUEDS 0.1, &40
Bk, BT k EAFAEH RS AE. A B 0.5, SHHUR RS IAIR M.

HF margin K BIEEREE T BT, BT RN CRIE” REE . IR I Gt A 2 PRGN a] b
B, SRAB SRR 453 K% R KL

Spread ¥Rk

AT BRI SRR T R dE A FGEE S B0 R, AT “P 8k ” (spread loss) K B 2 i KAk
HAx2K a, BGEFHLABR S 2 M Z . WERBEGE — MR , a FIHRIS a MEEE LLRME m
FN, BACHIIREN:
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Li:(max(o,m—(at—ai))z),Ls:ZLi (13)
oy L R AN RIER spread $i 2k 2 A1, WBARKILEETF AR I ZR0T CLgE Geid R 08 e %E, IfE
m A 0.2 FF4f, FERF—ARIMIIZRELRIE I 0.1, m B2 0.9 JFi= 1R K.

3.4. N IEER
FAYER R AR B Fa bR, HERERA acc F#an:

acc (14)

TTP+FP

Hrp TP RRTMIERIZER], FP RRTRMASRIZEH . L MNIST g i), BBy 1, H
BIET A1, TP i1, &0 FP 1.

3.5. EMITMLE

BRI —EMEMRE S, WA EN, IENEESA T A REFKER, JFEN
AL R AT UG B RAA R B R A AR AR (1] ) T M IR 2 R BT, B SR
PEONEA A br, EAN RIBCH FE B FE, AR =R R M g h E, BT
A IYERE & 784, SEAIHINIIR/NS 28%28 (MG YEEEARIR], 5 R el 2 due 4 H R B )
N[ 784 N HIT LB REMIKIRIEE, M L &R,

16
R W
10 5123 784
. FC FC FC
DigitCaps ReLU ReLU Sigmoid
D =0 Masked . = Representation of the reconstruction target
Figure 4. Decoder
Bl 4. fRRDER
L=L +al, (15)
o o B 0.0005, X EAHURBEATAEA, spread HRARAKIH & 32 T HIAL
4. £
4.1 BIE&E

AL MNIST HE 46 I K56 IE I 2 W 25 /2 K7 R BRI RE, SR )5 7E Fashion-MNIST, CIFAR-10
AR BT T IAIE.

MNIST %3 5 [13]4#% A Modified National Institute of Standards and Technology, H:H1i)IIZ:4E 1 250
AMAFNT5 MR 80~9, F 10 251), Hor 50%72 =24 4E, 50%2& Kk B A FE A & ¥ TAEA
b, 53L 60,000 LT, EUIZREET, 55,000 NECTENIIZREE, 5000 MCFAE N RESE R I B 2
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H IR R R RE LU TS B i, B3t 10,000 M ECE . REIE GO — A 28%28 (R RN LT,
4.2. KWFRESSHIRE

ASLAE Tensorflow PREE[14] T UIIZRM 2515 4L, A pycharm, ¥H Adam fift#s[15], FHT-HB6REE R F%.
FEMGFE T I, RS 22500 7 2 i 75 AL PR (R A4 H batch IR [16], & 1IR/ME 1 BIYIZREE S KT8]
S S FFAE AN SRR LI TAERECNUIZRE 20, F epoch KR, B — 58I SRR € B 14k I — IR I 255
W RSB IX 28 I FH BB 46 1, 7R VI SR A FH e 8 R0 45 SOR 42 BN 70 304

TEYIZREE |, batch K/NHL 128, epoch HU 150, % HikARIRE S AL 1, 2, 3, 4,5, 4 100 PHi i —ik
SEIIHR K, & 500 AP H — KRG, SEUH step Ko, O H loss R, KA ace R, iter_routing
FORB BB EL N T IRIEEM R EEN, ASCEARIIE R RS ET BT 525

4.3. SKWEER

24 epoch A 150, B&HIEAIRECN 1, 2, 3 I, R4 25 (18] 5) 5N ZRAE FE (] 6)an R

— iter_routing=1

0.61 — iter_routing=2

— iter_routing=3
0.51
0.4

2}

B 0.3
0.2

0.1

b

0 10000 20000 30000 40000 50000 60000
step

0.01

Figure 5. Training loss when epoch is equal to 150 and the
number of iterations is 1, 2 and 3 respectively
5. Epoch =150, IARIRE 757 1, 2, 3 BFRYIIZIR &

1.0 7
0.91
0.8
0.71
0.61
0.5
0.4

0.3 —— iter_routing=1
—— iter_routing=2
0.2 —— iter_routing=3
0 10000 20000 30000 40000 50000 60000
step

acc

Figure 6. Training accuracy when epoch is equal to 150 and
the number of iterations is 1, 2 and 3 respectively

[ 6. Epoch = 150, ERRESHIA 1, 2, 3 BRENNIGEE
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K 5 M 6 &Y, fEUIZRIS, B&HIARECN 1, 2, 3, BRI kR RS ik 3 99%LL L, %kt

H0y 150 i, B GINZRRCR CAREF, DV RIERA Iz ALRE ST, KL Tt

wnlEl 7 fiR, 2 epoch Jy 150, % HHISARIRECy 4 R 5 I, Bk RIS 1K 7 RUIBEAR SRS
Risghn, 7rIHEEEA S —EIEM, BE RS, EAREIE, 2R RS TR, 2R

IEARE I N 2 S BUR % BRI, PR e S A N R AR .

24 epoch A 150, % HHIEARIRE 0N 1, 2, 3 B, MRS FE A&l 8 Fran. [ 8 R BHAEAS In FE A4+ X 4%
FME LT, B HEARECH 2 i, 1R F /A 0.32%.

—— iter_routing=3
0.6 1 —— iter_routing=4
— iter_routing=5

" |
0 10000 20000 30000 40000 50000 60000
step

Figure 7. Training loss when epoch is equal to 150 and the
number of iterations is 3, 4 and 5 respectively
[# 7. Epoch = 150, ERRE 5514 3, 4, 5 FTRIIIZIR %

1.0 1
0.8
. 0.6
151
<
0.4
0.2 —— iter_routing=1
’ — iter_routing=2
—— iter_routing=3

0 10000 20000 30000 40000 50000 60000
step

Figure 8. Test accuracy when epoch is equal to 150 and the
number of iterations is 1, 2 and 3 respectively
[ 8. Epoch = 150, ERRE 2 HIA 1, 2, 3 RHEINIRIEE

Wan L S5 [17]38 5 e Mg ok S oy e B, 78 MNIST Hidfa 8 LR 28/ E] 1 0.21%, A&
SCRFELARRYE Wan L 55 N2 H (R AE AR 22 1 489 5 A7 Jre B Iy S B 0.39% 1R 70 3 . AU —
MRS REAT I, TBCA AR MR P2y, EAINEMKIEILT, 2 epoch 7y 150, B dISAIKECN 2 I,
ZMZEARERAE MNIST $dfa gk B iR AR i, MIER IR 7250 0.32%, IXA2 H T S8 JFRME M,
JIT AR (R A R BT Hinton S8 AP H1 (10528 W 4 i 15 31 B HERA 2R (IR 70 %00 0.25%), Wi 1 Fows
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Table 1. Misclassification rate of MNIST dataset classification test

% 1. MNIST #IRE S LMK RS

Ty 5 AR EL HA RO (%)
Fe2k(Wan L £5) - - 0.39
JRHE N 2% 1 7 0.36
S HE I 2% 2 7 0.32
B3 ) 2% 3 T 0.35
Ji2 52 X % (Hinton £§) 3 H 0.25

1R T AR FEM 4 SO B AE MNIST & ErgiliaEs iR 23, JF SR 1 2%t A0 A4 1R U4k i)
B WS EE AL AT DA 7 s B ) R R AT R A RS SRR R VR RE . SRR — MR HE I AR
2%, H=ANERZE, 2l 256, 256, 128 MEiE, HMERZAAN NS, KN L, RENERHE
ZIE RPN KN 328,192 HI4EREZE, B dropout HIE G — A4 #E 2 0E B 3 B AT 28 iR 1 10
% softmax 2, FE£k 18 Adam 1AL 25 78 2-pixel shifted MNIST s 4 HEAT U145, R4k 331 H T8 MNIST
S AR BE O R A T S RA R T RE BT i R 4, BRI S AR AT 35.4 M, IREMEA 82 M
S8, AINER TR EMNSEH 6.8 M S5,

IR, SEEPERMEHLL, SMRTFRES A BHEE FEENERR. HTFS5HFMN
R efs . NASEAAE AR ZESR, YIZR)E ) CapsNet i Il 2R i1 5 20 ¥ oA — 5 (&4 1 .

4.4. RAb¥AESE

Fashion-MNIST %45 4E[18]6 & 1 10 MEAAIEME, 405l : tshirt (T ), trouser (3% ), pullover
(E#2), dress (1), coat (#+E), sandal (Fi#E), shirt (#1%2), sneaker (izzh#), bag (1), ankle boot (5
H). IREHREEAN I EH 6000 MEA, MABIEER N LAEH 1000 MEAR, IS 60,000
ANFEA, RS 10,000 MREA . FRIEEG Y 28%28 (5 R I IT.

CIFAR-10 ##E5 605 10 MMM RGB B fr, 4rjls2: tAl(aplane). <% (automobile). 3§
(bird). Zfi(cat). JfEE(deer). fi(dog). #EZ(frog). h(horse). Mfi(ship)Al4 4 (truck). K IR ) 32*32,
Hpis 45— 445 50,000 7K 115 K A1 10,000 kA .

AR SR FH e B R 25 2R AR MINIST £ 48, X AN A % p s AR, AN[A] epoch T TR R EAT LE
B, UMSHESRE RS BEEERREMIEM, »REEAS—EIEm, KB —ErkEE, &R
BN, KSR M2 TR, X BFIE B E N R A At &SGR 2 ZIRER
SifE MNIST 244 I3 T i et otk ge, JF BAE R & EE M E T 7 SR B2 H £ . fH
T2 RERE TR S IR BE M 2 (MR, 5k 344 Ll 8 5 a3k A P TR0 3R 22 /N s TR B ot e B X 4 7
Fashion-MNIST, CIFAR-10 £#fi4E FHRILH T RAFIIHERE.

5. BR5RE

TEAER M N2, A —N B e i e — N R ZR M AR R 4, 4G VF 2 & oS R v
X — R ARGt AR ¥, TR B 2 4 X Loty M 2 O IR B EE— AN R EM Ao, IR AR TR
FHARZMEAS e, a2 U, N AR AR LR i, 2 X BN I 2 BEAT 4R, TR AS 2 X B R PR 22 7T
BN % FH AT A AR A 20 DX 28 PR b 52 LR R A AU 28 & e pl 1 1) B A S K R A 2 B ER B O LA
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PR IR BRAE AT R AL 3R, RSGAIAE T — N A R R

RASH A EAT AN ACY B e R BT BRI 2%, /T AR A — MBS A
JEUEM, R EAERTA BT BT ¢ JOSAORTE S . X TR MREAE R BRI KE 2 TR X
SURRAERT, TCIR A softmax BIE AR R AL, AR AR B S BT 5, AR AT RE e — LUK B AR P Il
BB AR I 7] Lo
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