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Abstact

Abstract

With the improved quality of life, more and more people are beginning to focus
on healthy eating, this requires a deeper understanding of food, and food recognition
technology can better help people in thisregard. Food recognition technology has begun
to be applied in real life, such as smart restaurant, smart refrigerator, and diet
recommendation. However, under the background of artificial intelligence upsurge,
there are some problems in food recognition technology, such as the accuracy of food
recognition and the limited diversity of food categories. Therefore, improving large-
scale food image recognition performance are desperately needed nowadays in the field
of food recognition.

Even though researchers have done a lot of works on food recognition, there is still
some gap with the expectations of practical applications. The main reasons are: the
scale of food image dataset is small, and there is no fully effective method for food
recognition. Aiming to alleviate the above issues, this thesis has studied and discussed
this topic from dataset construction and recognition methods. The main research
contents and contributions are as follows:

(1) This thesis constructs a large-scale food image dataset. Datasets are an
important basis for various methods. A high-quality dataset can provide key guarantees
for the effective verification of methods. Considering the small-scale of the existing
food image datasets, this work systematically conceives and constructs a large-scale
food image dataset 1SIA Food-500 from constructing food categories system, collecting
data, cleaning data to expanding and verifying analysis data. This dataset contains
405,776 images and 500 food categories from 52 countries. Compared with existing
popular benchmark food datasets, the ISIA Food-500 is a more comprehensive food
dataset with larger category coverage, larger data volume and higher diversity.

(2) This thesis proposes a food recognition method based on Stacked Multi-Scale
Multi-Attention Network (SMSMANet). In most existing works, people tend to use
visual food image for food recognition. However, the attributes that have small inter-
class differences and large intra-class differences could provide complementary
information but still lack exploration such as discriminative global appearance and local
details. This work proposes a Stacked Multi-Scale Multi-Attention Network to jointly

learn image-oriented global and local features via combining hybrid spatial-channel
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attention and multi-scale strategy for food recognition. The effectiveness of the Stacked
Multi-Scale Multi-Attention Network is proved by sufficient experiments.

Key Words: Food image dataset, Food recognition, Multi-scale, Multi-attention
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Figure 1.1 Visual characteristics of food images
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ARG, B R E 500 KA HIIRL) 40 JI5KEE . XK RIS KT A TFEE
HY (& it MG B 4, REMS Il v 75 A B AR S A AR R (33 B

(2) RLAERE T —MESZ RIEZIERE I (SMSMANet) FL[E %>
2 SR R AE AN R AR R AT B v BEBGR ) o b7 VR AE FE E R A8 ETHZ Food-101 Al
Vireo Food-172 BEA 24, [N 7E I1SIA Food-500 %(#iE 5 1= 1A 1) 5 4 P G

AL IR AR«
1R R AREMENEARRI BT 5 21U 7B ATA
EEPTIAR

%2 % ISIAFo0d-500 & it G AR SR A i A0 T o A 551 Se 148 1SIA Food-
500 HEEM IS FE, ME MBS AR E . BHERE, B2 5 R E T A



s, VRN R PR RN TR 55X ISIA Food-500 ¥ &R AT £
FTST 53T, s T 1SIA Food-500 s 42 AL 4 R s

% 3 & LT SMSMANet W45 (1) it AR il o A 7 9 AR SCHE 38 Uik
HEZE SMSMANet 2%, A4 42 JRIRFIE 52 2] 1 28 iR B ARF ik 2 2] 519 25 FR P 4

.
%4 T LI kotr. AEEENGLERE AR B BT T

SMSMAN et [ 25 1 H A 5 VR 3 v ) SIZ B PR A
F5E g EEE, AETENETATHRE R LARITIERESE,

I 5E Py SR
ES PRI E A A RTIR
tze R ESIES
Hy g AR U E A 1 &
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SR EETHZ Food-101
Hi4EISIA Food-500

H 1SIA Food-500 |

EEE LI EEL]
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Figure 1.2 Overall technology roadmap of this thesis
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28 2E ISIA Food-500 B B BIBREHER D

AR TAEEE TR — A T — D KB BHE R4 ISIA Food-500,
XA HE AR B B o e SO R e R A R e R T 4 R RS A
BT IR A S R R ST B RIET, e R A S R
MO i, T AL B R TR RN 7 S, 3B 2R S RS RN AR R TR,
B 5T T w Rt R SRIEZ R, SRR A R A 2 AWl 20 E
ROV . R IR R B G EUE RS I R W, BuEET
B #B 2 RSF KT 100%100 15 % AEshA R/ H RGB =il e B I I v 45,
AN FE R e A K A S S B =T 500 Tk DA b b4k, T
Vo PP AR EE B, RSN BF ] BAs) S 1 B 46 T e R 2 1 LA A R, B
HR AT LR 5 AW FE N SRR 78, R B IEG—brifl NI ORI B SR 45
) — B S, XX R 5 M O S R ke A A

RIUBEEr i BG 23 4 ISIA Food-500 R £ A5 PUANB IR H0d 48 & i b
KM R B BORERAEEEY 8. mE&, R TIEMENENE
15504 45 ISIA Food-500 A4t 725 1 12 AN k26 60 A4 /N 5 1 500 Fh6 i,
P F B B 405,776 5K, &SR] B #RAE 500 kB A AL

2.1 BIBEHSHRGE
211 EERSRHEIE

R L 8 B 1) — A B LR RO I = 2 R R R PSR o B BAKE R0
HAELE ImageNet[91FH L3 5O 0 (4 £ Places[391H A 1R i IR B 75 %
ImageNet 454 &7 IXFE 2009 4= CVPR EFr& W ERAMR, BE& 7T 12 MREM
5,247 ¥4 320 Ji5KE Fr. ImageNet FI2EHIME & 255 T WordNet[40])2 1k &5
AT LSRR (1) . WordNet 52 35 AR TR 22 B & OB L 155 2 RITH L2240
R F T — PRS00SO L, B BB S SOR R T — ol B D %
Hfnwet” 2> 5 <moist” “humid”F1“damp” 23T SCAIFIE R - Jia Deng 5 A[91HR
WordNet 1 7& S8 in] A 48 & 51 3 R30I F, i 0 B b BEAT A 6, 58 R 22
Places[39]%#f 4£ & K 7F 2018 4E TPAMI EFrifif] I, HAE T 434 Mg X
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K —T K AEA R B F . 5 ImageNet #110, & 2% T WordNet K17
SO, AR T i BEAT A B 5 R o XA B A SR U AL B AT 1
KM KIET WordNet XN EREME R, XEARIE T HUEEM LIRS R
AR, AEEIR AR PP R I A B2 R AN X o [RIE, PR g s 5 1)
KAFRKIET WordNet BESAK R, WAERILEGEE R GMRGFHREE, FEME
MR E P LAY WordNet BEATHEREER KT R, BCEMRE CAH MEIESR
BAT B By e

SRR AT I A 2 MR R ZH S VHHE S b R A R I A, 1 2 vk e ik
PRl IE T BLIE T 5 E A B “Lists of foods by ingredient” £ i 41 28 A1 [ br £
Je A G (A SRR AL SR dE ) (GSFA) 4r FhrifE Ve Ak dE B % %k
PESE B MR SR R IO KA, F BRI R

(L fr it EBOR R 22 B HARE BB B i RILMEDIRES CMRL =
INLJERIRETD SRBEAT RS IR5, JovE N o B [ R0 s S, R
FEIE I T 5 P [ K ) “Lists of foods by nationality” Fl13E T [ i 8 fK)“Lists
of brand name foods”.

(2) A SCHRM R IR b UG B, “Lists of foods by ingredient” T [
IR RE, FTUVE R T &R RH AR

(3) FEE PR i SRS (&S Ingnim e SR i) (GSFA) i,
B REI I R A A B T @ & 2 B SR R B KREE.

2.1.2 B mIETIR

ok o 5 T R T2 G JE AR “Lists of foods by ingredient” & i 51136, {E#&
A58 FH R P A S SRR e oheal [ sl e 2, DA IRASBUe B & A R 447K, 153
T FIR-BMF IR PR R I & AR 2RSSR, T an“Lists of foods by
ingredient(71 P)/List of cassava dishes/Cassava Pie”. iXF¥f, A TAE3K7S 4,943 2K
ViR TR YT

2.1.3 e mMATFE
BE S5, F X HR A 2 3 7 R A R AT Ak AL HE
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(L MACER RS AIRUEREA 2844 TERD ML S A 28 v i — 4 M 375 Bl
P, AEE MBS T — e M 925, b apple pie [A]IS£E apple dishes A1 fruit dishes
B, VEEMIE: fruit dishes %13 /1 1) apple pie 2844 .

(2) ALEIRLE : A 4ERE R B AIR PSS 5 il (EMED M
AT (EARRE) Mok EESRAL . LL ks fruit dishes 2 other fruit dishes,
K fruit €2 apple 28, SRR HAREARKIRI (banana, pear 555) CL&AF
15T H0 8 A M Sk &R, T List of other fruit dishes 5% A EE A4
CAFERRIIZR, 1FE M other fruit AR AR A B R M PR IR [F]
FEALFE HI48 4 other vegetable dishes. other meat dishes #1 other fish dishes 45

(3) MAEH L NAEFEE R EFHRIE MR RZHRE =T A,
B e 2 U 279 S48 A 48— K BT IR A A B = 2 454 . B 4 Lists of foods
by ingredient(71 P)/List of almond dishes/Marzipan/K&igsberg marzipan # Lists of
foods by ingredient(71 P)/List of almond dishes/Marzipan/Marzipan pig, 12 M ix
ok BB EE =719 i, X028 T ORIERE ML AR R R 4L 2 gt — 1k, 7 AR
BEM TR A CGE R ME MR CGEIT A, M) o i ®
LRBE 58 =75 5 Marzipan T iR 26 D0 -5 55, % Marzipan {E 8 —> & 5 R £
KR, W 5 7E Marzipan 3X A& il 14417 Kanigsberg marzipan 1 Marzipan pig
PIF R, XRE R TEALSE B2 RO 2R, THENLE % ) XK EIE
BRI, AR XA 5 T T MR AR 32 3 R ot AR, - SO R RE RBOR AN

(4) MACHTE iR 44 AEFIEXT—RpBR AT S (Lt () L >, IS
T MRS, B2 DR B 92 B R] R OROR SC B AA] S5 AR e SRR R B o BRI
FE & i R A MO 2R AR N, A AT AORUEA% 3 AL R ) & B

(5) A EMTEZ: gEFEFRE MMM List of rice varieties #1 List of
edible flowers H1 (122 & 5 JE M kL. rice varieties W R I 2Bl SRR K, L
I Calrose rice, Ofada rice, Pecan rice ; List of edible flowers 2 I [ & Fh &
7€, bl Althaea, Malus, Dianthus 55 . /EE IBRX AR B R EM FERZ )G,
Lists of foods by ingredient '~ 147 fi% 1 71 MR T 69 4.
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214 MERESMAEEH R
ARSI E R SRV AZU (RSB INFEEERFRAE)  (GSFA) 7
KhrER AR TR ERIREMMN=EY BIIUZE, i Lists of foods by
ingredient(71 P)/List of chicken dishes/Ayam bakar ¥ f& ; Dish(GSFA)/ Meat and
meat products/ Chicken dishes/Ayam bakar, 7F4EJ: [ RHT i 41 RH — 35 S =
TR EHG Y (&M InRE S AR B0 =, 4R R AR
. Lists of foods by ingredient »& £ i yulE 44, 4EH: A5 RHE A1 58 — 75 & List of
chicken dishes j2 & #1128, XM= [APRLEE B BB, AR I —A> a2,
AL R Z UORLEE BT AL, & 2T A S A
2.1 HEMEIIRNBRGITFR

Table 2.1 Hierarchical statistical table of food category list
BB R H=R IR

Bacon_egg_and_cheese_sandwich

Bacon_and_eggs

Bacon dishes

Bacon_sandwich

Beef_bun
Filet_mignon
Beef dishes
Dish .
(GSEA) Ginger_beef
Claypot_chicken_rice
Rice dishes

Congee

Fried_noodles

Noodle dishes

Wonton_noodles

69 /N1 3,309 M A
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254 [ B i S AV ) CRm i nssld FVE bR E#E) - (GSFA) , A
TAE¥ 69 MEMZEFIRS BT 11 NGRS BEME T — N E R
TG R - o RR-BEM FR- TR WERGEMER, 2 B2, =
JEREEIUZ 53 304 1. 11, 69 A1 3,309 AN11 ml. J2 IREEF 1A & aT AAG ) WL 2.1

2.2 iRl E

AR TAER B MR R 5 (RIE AR 4 MR K B sin
AR R R AR 3,309 A AT, ASCEIEMN A ML Z R MR = A
K A8 2% 51 R i A [41] B [A20 R b I A [43) A R B, KB (D)
At AR 2ZEaERE R, Wi ZRFE“Utan”, B2 MaEnaT, W
e MRS E A o TR, ASOR B 2844 SR R 23 70l 5 <“food AT “dish™ H 5 R St
[FI/E NHE R, 24 “Utan food”#1“Utan dish” i R B K Z M 2 & ER. (2
MR REIEES T AR E R, eIk E L 'ML, AlgekE 3%
BiIRIZ, WRERH ARG 245, X E M E 82 5 2t v] DL R A [H
RIEH & S S, TRE T B REFZAEERERIESE 2 B i 3. AT A —
B Wtk R B, A =R R 51 B ke R K BEARAE 1 ot 2 B X
AREUEF. o, G amul (Ll RARmiFE) AR K €S
B, A I sl B B i T, AT REAE AR AR ) e ER AR I 1 R 51
A7 Be ] 7 TSR IR HUR >k, {H L REMC B I By 14952 22 JT R AT I H. AT {8 R SR A
B, OB HARAEE 1A . AN 1528 51 38N 408 AT S % B AE 2009 4 Jia
Deng % A[9]#J% ImageNet ik CL9&1IF, ImageNet ) TAF 142 M B F 48 % 5] 4
TNEKEEF, NE TS AR . [FIFEHL, Bolei Zhou % A\ [39]1E 2018 4444
Places T /3 2% Hda AR I 2 B A IR 51 3 ERAER Fr, AT B S 1) 2 A AR
Bl B2 AT Flickr EIRECE o HZ A Flickr F R 78 A K B 17 52
BR, BTEAIE A SRR IR ERAS o 1 Ul B NSRS P 1 R 51 3 G HR A aR A
AL R ) el B R e BT R A RO TR

whE B A AR A BdETR G, A TAEFI A python [ icrawler [ TEHEL
F A EAN AR E RS RLE (RHE R AEER R NE D TR
FHOR B B o icrawler FE AT 2 g0 N T A R BE AT AL B AR AL
GooglelmageCrawler . BaidulmageCrawler 1 BinglmageCrawler 7] UL EL #2181 H , R
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Pk 2] TE I = K R 1 R 5 BRI A R B 7 IR ORAF B A b . Zead < fr i 3644 +food”
iR A+dish AR L, VR A DY S HLEFE — A, W B R M RS
AN AR 518 T ICE I Fr B K& o 3,000 3K 2%, ML TRET 3,309 KA
6,196,253 sKfEiGE . =AM R ER T d B R R A G5 L&
2.2, b R HUE A 2 102K Fillet of Beef Prince Albert 25414 6,359 5K & ', #x¢
/L H)2K Sha Phaley frdndsh A 13 5k, ~FIRERICHUE fv 1,872 5k, HK[E
Fr#cE KT 1,000 5K LA BIIA 2,143 95, i R R AR B A S0 A A # (107T e
R (1 AU i AR, ETERZRSEC0ETH. (2) fL
Bt WA, RS AR A ISR, AR A AT, ARl
et BT AT s P ) I A N B2 A = o I W 8 A NG P 2 =
A TE S Bl by B R e — e RE T b SO 1 IR IR R
{EAE R 2, MRS ImageNet #4 &5 Gt it 747, TR KL H A 10%
B RS HR RN E . B, XEE B A &a KR sE A,
i EE— P R T e Ve o R @ B SR 1 IE K
x2.2 WRRLER RS

Table 2. 2 Statistics of two rounds of crawler images

L ONE i 6,359 7K
R/ NE R 13 3k
P83 IR A #L 1,872 5k
Al 1,000 2K 7 #iE 6,359~2,886 ik
Al 2,000 2K 7 #E 6,359~1,059 ik
KT 2,000 FKHIEEL 1,268 2
KT 1,000 FKHIEEL 2,143 %%

2.3 WEAGE
231 BIEREZ S

TN BRI B, (EEEIE VR BT T RS, DU R ik B
s 1), AR R BUE e . Ik TR Y (] RN T

(L B E g 3 gik B R T A png. jpg A1 gif 55 2 M g X,
by gif BhAS B ks A2 0BG B 4R 7R i A% =X
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(2) 4k RGB =B . EHEMEET L R GmAER R A, T2
ARSI K PR g, ROUKH L RGB =iBiER ., AR
T B DU EIE (1 B o T e AR A 0 7 A R T B8 i S ETHZ Food-101 A
Vireo Food-172, KILARZ RGB =@ Jr. ik, Zf— 5B G HRE,
BIEH RGB =il IE K v s, A RE , AR —ANEE, X E
5 FH OV PR A U 7 VAR SR G — B0 UE i 504l 1 P A 2, -5 A £ i B 4R
NIEEEL

(3) #HRE . VEFH WS RKIA LE Fr 2 FEOL AR PR, ) BE2 M 2% A
FasE SECBA T o0 B B 17k 5 ON WA 500 [X Sk A i % i [, I AN ]
Go EERIX P 0] 0 Py 9 250 L A/, AR i Ly — 8 AN AT HH B AE £ 1
BHIRE S

(4) B R ROPA—8 fEE B RiE R (8 R A8 Al R
KRG HEER, ARKEGE L —T 2B H . X ki T M2 &AM
SRR, AR AT REE S AL AEALAISELAE, A DA LA A R R 2
AT AR . (B5E, 1% ImageNet £¥E EF0 Places HE £ 88 0HE A R~ 1 & 24
e, R B E AT, # AT AG B 4 R R R — RUBE, B g R
512*512 15 3% K/hEli# 256256 15 3 K/NE, XA ] LAys /s UG R ST 38 Al B
PEREMISE IR . QSR RS R/D, TERERY N TBCR R B, B BRIt 4k A 25
S FEE A TR, SENR A ] AR N A ] BTEL, AN R SR
B REAZ A & 2 B RS, e HANREA B R RN BN fr o XM Bt 0 4
IR—ak/NE Fr s URIRTBOR R 9 R ASER, I S5 W] e B NS R N s (HZ 2515
—ANKIFE G/ AN 241 AR N 21500

(5) e . EEREIMEEE R EERZIEERE T, WAk
AGHE . SCFIEG AT EE . AN E G B EEE R IE R IRk B B S A
HBRM E B, XM R I o TR R e

(6) FEARKEME . EHRIERFLEFZERE R, HEFARRA
KB . FE AR FAAETE EAZ IR 45 e s R AR 1. B Tk Iy 2
FRASFE 7 ARYE B CRPJRAG B AR5 SREkAT N4, AL SR B bR 2
R, BENE AR SRS E R AT,

(7) B R WAOERE . AR RIS ik B BN R IXA TR, H
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Rl ERIERRE RIS A R, B BT R logo AKEIRIES
A R TR KB R, X PR N — AN S RS, AR el £
e BTLL, XFER 2 TR A K2 B i ) B R A BLAEAE T A
AR AR T, BRAEDE TU R AR A IR AS 1 £ BRI PR AR, (R E D
XA H AT E S R A

(8) B W Fro feik b I s & By i il R T 7T S —, UL
EME R RET 2R E. B, A—RAERIIETHTRHEIES
B o X FERFN b a2 A R E 7 =30 2 AW, Hopth A AT e e
B R AN R ) 9t o T T R e RS R B B R B AT R R, A2
FEREF AR EES, Xtk TR TERE R h A KEEEE )T,

(9 HAthinl &, WM ANMEFERGIETRNEF G4 AEES, WES
IR 5 0 B AL

2.3.2 BUREERL

TN U T B g e v, A2 7 B v Ao 50 e o R FRId e AR, kA
FEANBON ik R Bodle i, 5625 e A8 A AR Fe L 3his e, R BT
PREEIEVE . E S BERE S R R =

(1) JHVEREFF —: MR gif # XK MHERAE RGB =l IA K Fr: MR EL
%8R/ T 100 BRI s MIBRRE R AN RERL I R R R AN R 5
BRI [FI 2R Ry % 80 B[R] — A Sk IR E a4 B e

(2) BERERF —: ATIEMEB VGG-16 HMAI[44]1I% T — MR /AEE W —
GrdedE, RORXHER M BURHEATIED . BRI IEZ, 1RSSR e i B
H¥E4 ETHZ Food-101 (FiJ73%) 1 Vireo Food-172 (HREZE) IZREE I A1
RINZREEIEREA . 2R)5, M ImageNet Al Places ¥3i 8 BEHLIE £ T 2 40 F3akAE
BB I GE IR . XL IEREARM AR IE FR R 7 2R . [FBEXT
MAREE, —#549 K H ETHZ Food-101 1 VireoFood-172 {1 AT A MR FEASAE A IE I
REE, 15 —#F2 WSk E ImageNet Al Places %4 £ 1)K £ 100,000 4SBEHLIE £
R E B B A N ot . Fe 2, 2k VGG-16 f5 A — 7 K25 M HE S ds 4
530,000 KIZREEA 168,000 sKMLEE . AKX IR 7 Fa5 24T 7
25, TR AR SR B HEAT T I, 3RAT 120 FEREE D 99.48 % ) — 73 2K s .
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B, EAIZREF 0 = AR v L B A rp KB AR B i B A

(3) JHEfEr = X PEERIGHRER KA. ATIEH —Mma LR
TRV B T R o BARHUARRE, B Sk B A R B B+ 5E RO 32#32
BRI N TRET IR, TR A BIREOVKERE, R EER
0~225 KL . A mEd LA R Z M B ERE, JRIEREFI, JFHER
WAE R G A 65 Fm, KA T7TE 5L I Fr 2 TR) R0 0 R W i 4 ]
Fir Rt R — B R o RISk B R 2 18] DO B AR T BRAE R B e — 5K
RZRE, RN R ST A SO EMFE G AR TES, EERRERERN
150, XL RZERBRNERE. FERI, WERBER™ RERD, M
LML IR, B[] FR A R B b, R R OIE RS 1, B B ER
EHSX PRI AR AN, AEESREK. k2, WRBERR (BEEDN)D,
W2 PR — L W . AEHEI &P, 209 7 EE s TiHM T
fEfE,  [RINORIE S I 1B A AN AR R e o M e

2o JUMCSAR i H ahifRe)E, (EE M 1o Bl kAT 7 gt o tr, sk
2.3 iz, AR 43 73 25K R 3T R AL B, TS VLERIR 27 125K, BRI
TR R AR ) 64%, BAREE T LR 2.3 s,

#2.3 BFENERREEREEST

Table 2.3 Statistics of noisy images automatically cleaned by the program

I P sk fEERIGE | FERE AR | R IETE | R EIETE | BRRIRE
T ERE | REAR JEE A& JE B R & A&
HAE | 214,598 6,996 63,572 1,143 142,887
BRE R | 82,608 1,780 25,117 1,168 54,543
R ) | 135676 3,479 51,629 1,713 78,855
Bt 432,882 12,255 140,318 4,024 276,285

233 BURATLE

i FH AR AR P38 e o P P [ SR i 308 o, (ER LA R T L%, A Sy
K vk SENLTCVETE BRI, X (ol 75 25 N CARETE Ve, AN LARETR e RARIE,
(ERTEUE LLACHER, B A FEE R R RZAR B, AT AR A 0 Bk o %ot 0
e e PEAC BT AN RE E S AL BRI, N FMLRE SRR HE TR G AR E
TEF o I BRI e RS I A8 SR AE, T4 N AR TR e Al 2 T
LRS00 R E (R I BeRR A
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N TG BN TARERYE, A TARRAHIE 1@ & A TSR S i
Vebrife, fRIEDERWT

(1) BAPREN ANGERE TR 2028 R SR Fr s R
BRI b VAR, #hiRIE X R R AT 4, KAFARE, Al
PERIRFIESE .

(2) /B E IR Java brik THEBAFEET N TAREFR . S A
B, xRS 22 e [ AT T S RO AR I, IR
5Ky WURARASS R R, TG BHIBR™, ARvE H iU 5K,

(3) Bef o U 5 MR AT ELOR B RO R 28, ERAmi s m . ) A

R 017
0%t BRI . PR S & B G L0 2R
TN

bAE & RA T EMIBR . BAR, UIZRM = R 38IERR T K AR i
BR, (HRRIE R A ik 27 E - SeE e R, Xt 2N LA ik TR

KidkR.
CIRM B AT ZMIBR . A E RSN R B N ISR F RN, X
P A IR o

d. o e S R 1) P 5 M B o AR SR S I B B 2 FOSAR IR A, ANE
SHUREmMIER A

e WA EABE B A R R R MR . AR B RRRERAR
AR ATENSCY S logo AHE & b A AL LI, BUE B EREA bl T JE &
sy, AR AR T ORE B T . AR AR E XA AR A N A AN R T
B R P 7 22—, HANGESRE R & AR, 5 MRS 7 IR

TR A2 — R R AR A R BB . AT 22— R AT RL,  Letn
sardine, 4EXE [ RIE R T, A AR/ n] B8 H A B 50 I )
SO R, AN # R R N A B s A R

g AN RASE A i 0 B 7 ZE R

w27 HLOR B 18] P 2R

i 2O B 1) P A 2 S IR S B B R I A2, SR B0 2 R ot JL
X HLBR I 1 O/ B TR AR 7 DU R /N logo B ST, HIXEedREfr iy
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B R R A 2P 52—

234 WEKE

A TARH IR 2 4 ARS8 =5 [F) 5 R AT N AR, X S840 10 | it i St T A
—E T, SRR AR E IR TN B, i DU G AR A 45 R AR LA
A HZ, MIMETAEME A 2N UR . 8T R 0T R kg @05 &5 ER
Padl, A TARERIEI T f)a k& TAE. MEE X N TARE &R E T ——
A, JFiEFEEERRM R a i B R

ik, HsE R A A0 A AR LR 20 5% CobsvE 1A 8 O (R P IR bR
RN N AR — K, SRR AR, SEAREE iK1 E A, B
PRI 2 L . ST AR A R BRI BRI R 2103, &R A B FRIR
PRVE: T TR DB B A SR A T Il IR 375 B o

FER B HAR RS AR, A # R IARAE — Lo i AR [FE AL 52 5 2R,
IX 42 B A R B 2 A U AN R A AR R R A — R R, b
Tonkotsu ramen FI Hakata ramen A& ANAFEEME T, HEZKE R,
BT E—MEM, TREIFTXME. WK 25 fox, EWAARRAR R &G E
IR FEAL LA o 1XFh 8 5 R AR AT M A £ PSR ik RIS, I AN BRI,
R R T, X TA R PE R S IR, Toik A il 44 Bk B X

ramen

Tonkotsu
ramen

B2 1 AARBLREFRE R

Figure 2.1 Similar food with different food names

2.4 BURH 7
23k F 8B BTS2 Ja, VB3 RIS Rh R B iR 2 Lh
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o TRXIXEE G AR R BT TR

BB RS bR, R A BE R 500 KR A ZREAT YR,
EI 0 FRiE J5 78 A% H0R 72 300~500 FKIMZEHEAT 478 97 70 2040 (R B4 =2 PN T
I :

(1 BRI 7. KRR RIS TR & R R 3, VA3
T HHSCHVPHEA S, AR JEAEE R 51 % kAT I du. 2 jr AR BRI J LI i
F, e OEE L WS R R R R 2 WEK, B — MUY
FREAA, AR R, Al =, fEFHGSG BRI EXLEES,
JREANA FHEL, LA 2 R R AN TE B o RN R ILIEA R T & i R
RIERSOX Y EE S, A F R 4. (H2, XIEARm K2 5k
MY 78, TR E KRR AT REZ T R

(2) HARIEY 78 X B EE UG48 T LA s R #ofr vt B A i Rt o SOk
[1]2 i Le B A T i) b v SRR 1t Sk, e 3 TR 2 Rl o 10
HH R 26 B S EAT T URAIT,  SCRBRLL] R A o st B 23 3 R B i R A X
R, H A Mu A s R SR 2Rl CEE A www.yummly.com), 33X X 3G A5 14
i, EEREMICEIUKE R, HaEmfhkiob, AR SR ata i &Mk
(Lkln foodspotting.com) &5. 55— 771, VEF AT 17 HAh M) 3 & B R
B A BT BERAEY 78, Ebani g www.meishij.net 1 foodgawker.com %%

T RBENESE, 2dB- kS, 8BS E—RERENEREIF, JFHX
BEAT — i B id e . ORISR 2 20 T BT, FEPI AR 2 58 Ja A& 1 18
AR REA SR E . IRJE, R EEE S A R AT WA A TR
HH A .

HAl, A3 7 —4> 500 K1) & 5 BGEEE, KRB HEY T
500 7k, HdatE K R 405,776 5K, A4 BN ISIA Food-500.

2.5 BWEZRITE I

FERFBE B i UG BE 52 1SIA Food-500 F 2 5e i, 5 Bk $idhs 425 s it
frimEt. VR Ay i 5 BUA B A B R R S (ETHZ Food-101 Al
Vireo Food-172) #J5 THI# 4 70 B bL A, AR I A TAE#4 4k 1SIA Food-500 AL
FFNRE AL
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2.5.1 YBREDHH

TEARZ I E N EGEIR4EY, ETHZ Food-101 1 Vireo Food-172 2 /> 3L ik
EREGEEE, TEA GRS TS LE 2.4, 1SIAFo0d-500 FIpiA
FEvEE A 8 B 5 2 (ETHZ Food-101 1 Vireo Food-172) s & b g WKl 2.2,

K 2.4 ATFHEHEGEES
Table 2.4 Public food image datasets

PFID[18] 2009 101 4,545 H A
Food50[32] 2010 50 5000 | ZrakAl
Food85[45] 2010 85 8500 | ZiHeA

UEC Food100[13] 2012 100 14,361 HA
UEC Food256[14] 2014 256 25,088 H A
ETHZ Food-101[2] 2014 101 101,000 i)
Diabetes[46] 2014 11 4,868 | LB
UPMC Food-101[47] 2015 101 90,840 7577
UNIMIB2015[48] 2015 15 2,000 | giHem
UNIMIB2016[49] 2016 73 1,027 | grakm
Food11[37] 2016 11 16,643 | LR
ChineseFoodNet[50] 2017 208 192,000 r
Vegfru[22] 2017 292 160,000 | ZE&kA
FoodX-251[15] 2017 251 158,846 | L&
Vireo Food-172[8] 2017 172 110,241 i
ISIA Food-200[16] 2019 200 197,323 | 44k
ISIA Food-500(&3C T1E) 2020 500 405,776 | L&A

FHEEZ T, ISIA Food-500 ##s 244 EL A~ el il B R Bdls 5 (ETHZ
Food-101 FI Vireo Food-172) B8 2 K| Jy &, KAMEZEATM 3~4 £%; ISIAFood-
500 iS5 T 2 & fhRh B, KON I v A PR SR 4 1) 3~5 % . ETHZ Food-
101 A 101 4> 1,000 5k LA_Ff42%, Vireo Food-172 {7 6 4~ 1000 7k LA L f935, i
ISIA Food-500 %44 F 125 4~ 1000 5K DL k(124

M, EE AR EAF AT, ISIA Food-500 #din4E b /> fE Hd 45
AHERRS, EXFEAEFE R @ E B, 1SIA Food-500 %444
B A b R XA TR K
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Figure 2.2 Statistics of ISIA Food-500 and benchmark food datasets

252 BEMTH

J V2 IR 5 P AR A S AR S TE tH R AN X 1 4 A A L o 7EIX HL 5 AT
LE#L ISIA Food-500 AP Jk e £ i B 5 Hdls 28 (ETHZ Food-101 AT Vireo Food-
172) o XA BT X TR AR 4 R S IR, 4R RS
T AT R E K X

MINBRIE LK 5 1SIA Food-500 £ 4 5 v 2 (1) 52 9 CAsia) £ il 200 F,
B /DI R (Oceania) & 2, HorAfy 58 Pl 4k | A A W6 7 s
X ) . ETHZ Food-101 #dis S5 i 2 2 KK (Europe) 4 44 2K, i
DEEIEM (Africa) £ 0 28, b4 F R RE BT B HLIX (A 10 2
Vireo Food-172 ¥ R A& dn A28 4 e Wl B & il . &K, ISIA Food-
500 U A AEAT ] PN ) fr P 87 2 B H AT L S IR BUE R 2 . =
AN EARE IRt SL b IL ] 2.3, BEH IR uncertain 3R s 4 25 B R BE B ZS
H B T W B v

24



5 2 & ISIA Food-500 £ 5 R Bm S #y 2 Ko o

200 30

172
141
90
58
a1
27 51
10 5 4
I 0 B 0 10 00 210
- | [ | —

180
160
140
120
100
80
60
40
20

2.3

Asia Europe North

uncertain South Africa

America America

m |SIA Food-500 m®mETHZ Food-101  m Vireo Food-172

ISIA Food-500 -5 ZEE & A BIE SR & 5 P R HIPH PR B 2 15 0L L

Oceania

Figure 2.3 Comparison of intercontinental coverage of food categories between ISIA Food-

500 and benchmark food datasets

MEFHIX KE , ISIA Food-500 £ E P &M MREE T 52 MEESHX,

M ETHZ Food-101 B4 E i 1 22 MNEKEIIX, Vireo Food-172 #4475 i
1 MNER (PED. ENEEES E K L WK 2.4, HAd unknown FoRgE R H
BHRRE HmA B e TEE XK.
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Figure 2.4 Comparison of national coverage of food categories between ISIA Food-500 and

benchmark food datasets
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£ USSR S 0 2 BT 32 . ISIA Food-500 #i#fs A58 0 )V 1 78 75 1k
A7 B R s ) B i AR R BEINA 5 45 R K

2.5.3 ISR

Z PV R A R R AR AR M R R K- K- -
R R IR G M S R P B ZENEZ BN AER . BV — BRI
B335, 1SIA Food-500. ETHZ Food-101 1 Vireo Food-172 &5 &l 2% & i Ji b
Mg, SRR B @A, XM R EAT B AR, BA R FEKX

Gl BTCAASORE B A LU S B AR = R At

B ERAEE PR AL R A I VR SURE ) (GSFAD
brdE R RIS KRR SNBSS ZE R S E 25, M
BB LU S 2 1ISIA Food-500 AT ETHZ Food-101 ##E 8 7E 11 AP HRE
4yAu, T Vireo Food-172 ##li g RAEH 1 6 N REFE oA, ARy, & LG H
ISIA Food-500 7E£6 K 73 K i3 AT i A L A AN B4 2, BRIt SR
TEIFH 5 3 ARSI B i BB, U HERE 1 1% 1SIA Food-500 %4 & kit
TN

160 1141
140 123
120
100
80
60
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B 2.5 ISIAFo00d-500 5EERMBIEERRMHREE _EomERLE

Figure 2.5 Comparison of food categories distribution of ISIA Food-500 and benchmark

food datasets in the second layer

WEE 2o Aith R E (B 2.5 Fin) , ISIAFood-500 Lt Vireo Food-172 %
A I B &SRR Z A, {572 ISIA Food-500 F1 ETHZ Food-101 45 4E 7
ZREMER XA R AR R, BN EERARHETE 11 MR LE . TRIE
H S WRAEEZE (B TR Mafithil. ME 2.6 %5 5% H ISIAFood-
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500 A1 ETHZ Food-101 ##fa & 18] 128 ) 2 FE X 3] - 7E255 =)=, ISIA Food-500 %
PR B PP AN AE 60 AN AR, T ETHZ Food-101 i 48 & it Fl 28 A
TE AL ANJEMRLZE A, Vireo Food-172 Hdf 4 & dh Fh 280 AR TE 26 N JE AR
XFEAIL T ISIA Food-500 HlEfE & 2 G2, wTLION & IR s Y |
SRELA I A P B SR A BB 38, 1SIA Food-500 $ii 48 £ il 2 22 B
A1 B eI S tHE SR S R M A I LS

5 I, 1SIA Food-500 ##i£E7E 28 — 2 [H bR GSFA 73 Kbnit FAITES =2 &
M5 B AR 2 RV, T LU A 1 fr S R R S Ak B I SR
F¥ v M e AR
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Figure 2.6 Comparison of food categories distribution of ISIA Food-500 and benchmark

food datasets in the third layer

2.5.4 FIRRMESH
PPN H0H0E B 5 — > E B 2 B A I P  JE I . — AN AR ANH G L
TE RG22, IE R % 5 2RI 70N iR e KA 4R I /T 4774 . ETHZ Food-
101 A1 Vireo Food-172 X > S AL SCHR i 5o 42 2 40s 5 A S & 44
T, WA RENETE TN S St NP 7 B SR R SR A — MR . AR AR
ISIA Food-500 ##fs £& 2 78 [ bR it S AV ZH 2R ) €8 ¥ 0 751388 FH 2% B )
(GSFA) HrutfI4ERE F AL a4 & 5amh b, M T — DU 21 A SRR
SRR, ER R BRI G S O B BRI 4 3,300 AN R, X AN R R
SR R AV E bR AR VEAUARRE, SO AR E RSN . 38 1 E R
A DAL J5 SR U TE M S A R A8 51, e R 0 A o R AT
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SRR E AT 8. MIXANAEERYE, ISIA Food-500 %i#iE £ HL g AN L&
i EG P54 ETHZ Food-101 F1 Vireo Food-172 B A B 46 ek, ET
RN REA TR i@ e RS EIR4E .

2.6 NG

AR BRI R RS B ity AR B S M 8 B AT, AR ST SR A
g, BARBCE. BalEiETE . BT, RN iR DR, IR —
S MR R, Bk, A TAEMEE T —A 500 Fidr it 405,776 Tk G & BUE 2L
fE4E 1SIA Food-500.

A F I ISIA Food-500 s A0 AN e v & il B Bl 5 (ETHZ Food-
101 A1 Vireo Food-172) #4773 AT ELAL, ABL T ISIA Food-500 #hs £ 45 (o A
Po AN E. B, ZREVMEATERIE DA T HZE — 0 =S8R LS O
BEAT 708, JEOR T ISIA Food-500 B R R Mm% . B R i) MRk
AR IR A, IR E G A2 EEENH, feiRnE 2 e
T, WREINEL I STt S a RO AR, B REAS B AR SR PR A
SEERARTE TR T2 N B R BIEOR, Horh—A T FE R A & B
PRI/ . I/ M2 A PR 3O i IR I B RY AS BETH R SEPR R oK o S 4L
W@\ —ETRE &SR T, I ANSEE 77 H ¥ B I1SIA Food-500 i
ERA —ERPRE, RE IR R EOR KRB R, ek & R AR
SEPRRb R I S )z b SE PRSI o
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FI3F BT HEZIREZITENME (SMSMANet) BB RIRA

B8 T AR SR AR AL 45 5 i LA 40 R T R 0 (5B 465 15 & 250l (s D, A3 v i I
TREMEEE WX i R AT & i R BIF 72— 0 E 0 i T
P, WTBLN 2 RS & IR0 R b R AT S5 S A B . FEAR & A 4 i
SMSMANet [ 2% & 3t 1 1) ] 4 ) R v E = 0P, 456 2 ROE SN, JLE 5
SJE i BRI A SR R AE R R S0 RRAE R AT £ R

3.1 [E]EEHEIR

B, AR MU R B EIR RN 2 5, Wi 3.1+ Butter
pecan IXFIE M PTEIR Z K. BEARE & SR i B O & K R AR 2 572,
(B IX BE TV R 22 e b TSR IPURE (€ 28 1Y sl 5 Ce SRR PR RRAIE, 17 220 7 A 7 THI )
RFAIE , %91 W1 Vinay Bettadapura 25 A [5 11388 i 72 HW 0 E R AIE >R 2E 478 i AR 1) 5 Niki Martine
S N[B41¥cit 1 —Fh i 2 W] LA 3R B EL G MRIEAT B s Lk, A g
dn BRI A R MR A, il 3.1 Fiow, A JRAREAS 2 LLIX 4> Corn stew
A Leek soup IXPI Al ih, 5 EAEBY R FRFER AN . A T IR IR ERE, —Lk
TAE[A]BLF GBI B EE B (bhanfr BAE BAEAEHE B T & i il A=
&, HIEMEHME BRI S SR BE BEA T AR, XTI REAEER .

Butter_pecan

B 3.1 RBEGRNERKNRAERPIREE

Figure 3.1 Food images with large intra-class difference and small inter-class difference
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N TR AP R, ASCRE T — M B iR ik R REZ
TR 1M 4% (Stacked Multi-Scale Multi-Attention Network, SMSMANet) . %77 72
CAEL R ufmoN, i 5 (A MG TE T L], 456 2 RBESRNg, Bl 4 AR e

JEy BB R BEAT B R o 32 R ORA T B /N R VR JEE SMSMANet [ 25 451

3.2 SMSMANet P 4&HEZR

ARHRM T —MHES 2 RE 2 HE JI M 4 (Stacked Multi-Scale Multi-
attention Network, SMSMANet) Sk [ 27 > B AME 4 Ry RHAE AR S0 RFAE R AT £ il
WU 7 R AN 3.2 i, SMSMANet 25 W /) WA 4 SRR AE 2
> 1M %% (Global Feature Learning Sub-network, GIOFLS) Al J&) &B 45 F 7 > 1~ 2%
(Local-Feature Learning Sub-network, LocFLS) .

BB M GIOFLS T &N, Gt BRSNS IRIER, X 5
B (BoR B8RS —BHE, BRI EMBNERE) BRE L AL 710
FEE VE & B (Spatial-Channel Attention, SCA) [52]%%4>], SCA FEa] LA

TX BERFAE Ml P v BRI 22 1) 4 JR) X 70 PEARRAIE o fil 5 I 28k AN [R] 2 1 X 23 P R AR

FLTT DA SRS [F) 2 2 A SR PERRAE , 1 G036 4 SR RFAE 1T B2 A DR B R AR .
PRI Shar 2, K45 P (Global Average Pooling, GAP) 1 54
¥ = (Fully connected layer, FC) AHALL, BXATTHI 2 2 = 4 (R AIE M0 B e A Rl —
AERRAE IR, T GAP BRAEME B 28R, 7T LA M a ke, iR
HORFFA FC 2. ATLAEMHRRG 75 S RHE R, Bl —/NRAER A 5
—/INRFAE ) S HR IECREE K

LOCFLS ¥ 4% 3= 22 5% FH e i 25 [A) A2 $e BB B ( Spatial Transformer, ST) [53]
oK AL R L AN [F] JR 3 X e (9 5 B AR S I X 480D o LocFLS ) 2%
AR P 2 A ], SRSEI RIS X SR B A o 5 2 R AE S P T ST ek 21
JRIFB XIS, SR 5 FOHT 23R B T 55 R B DX AE 4 R R e B P O B, X
FER AT LAAK 315 NP AE 3 P o 22 AN 30 ) DX 3. 65 PR A X3 1 Inception
BT RRAESE 2] o [RIINE, 077002 I\ 22 AEL R A 1 ] r ke 2 3 AN [R] J2 6 4 12 )
X (ATETRE-EEHE R BE58 =2, F=E5FNERX=4
FRIEMBIED |, 2 2 AR B A 2 AN XS b il 1 OBk R 255 . A3 2R AE S ]
FRWZ A RERHMEE T Maxpooling #1F, I LA F X BIKRHAE R & 58—
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FHIERR, T RG] T AR L B B B e £ . B, %2 R

M RLAFAE PR R A R R N IZ BB R R IE. X B GAP #AEAN GloFLS ¥
g —r, WRMBKSHEMEMFIIUE . LocFLS T ™% H Maxpooling #4F1]
DG E = RN A=Al s SR S NP e

I

-.-}3— layer0 —> layerl —> layerZ layer3 sc layer4 —[ scal
- //

—QQ‘—EEI*-/ —®~—

2RFIERE F RS

Global loss

—> Joint loss

> Local loss

lnceptmn A

> '\.g—' Inception
.
.
.

]

= i — %— Inception
P

VO .

. .

. .

G|
. 2N
'Ig—’ Inception ": —b@-' Inception =

Il Maxpoolingl |Maxpooling | |Maxpnoling E

2] [~

| —> Inception - — ! 5 Inception —>A

RS T TR
|
5
g
¥

B 3.2 23 SMSMANet M4EHELE
BliE: GAP Ry&/FFHibE, SCARFSZRIMEEET R, ST RAZ AL
B, FCRREERE.
Figure 3.2 The proposed SMSMANet framework.
Note: GAP denotes Global Average Pooling layer, SCA denotes Spatial-Channel Attention,

ST denotes Spatial Transformer, FC denotes Full-Connected layer.

)i, SMSMANet F48 45 & 1 4 SRR AEAT = A FE R IR0 & it B R - e 4h
SMSMANet 230K M T —Fh 210K 2 107k, BAAFRSRAK IR, W
LR, SRR IR A Bk, SMSMANet W 4% DL 3 3 ) 77 s TRR I, f
RAE AR L FIIVEDC S o« T IiRe 45 &8 A 2 sRTE A PR i A SR

3.3 £FFFEF S FMLE (GloFLS)

ST TR N EIR, GIOFLS W 4% o el X 2 Z AL I AT SCA #
1, SR I 2 AR HIRI MERHE, SR IS 2 SRR Al AR AN 7] 23 10 0 S v AR
AlE B2 RENERR T HTAAFEZRREREZ . PR EERE, Bk
GIOFLS 1 P2% AT A4 21| & PR Y B 4 R frAE, i B IRAR . SU3 il 2
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SCA #AERKZ AIAGEE F T S I E G HER, 7] LUAASRIGEEE 4 1H
P2 R A PERRE, & O st N TV 20 BN AR S5, i BRI [52]
AT NFRIRAI[54] . SCHR[S2]IA 945 A 20 [0 28 Bt 4/ BRI e ik b L 2L A 2 ) L 3l
M2 Z S5 K58 JE I, B I — SRR 4 3] 7 vk B TR AR A b [ 2 ] i g 1k
Horp 3208 B IVLHIE 2 (8] BRI ER IRGE . BRIk, SCHR[52]78 70 R G R
EAEIA) . JEE M 2 Z A B, GiaiE s VLK IR T SCA Bk,
FEATST ) AR 2 1 R4 i BG4 J5 F A AR, # SCA BN
FEYRANES .

SCAREH I A& — 4 3-D ik EX! € RPWxe, Hhwi /R %, h& R FE,
cFONIHBIES, [587R GIoFLS T M JE. SCA IR 2] His A M—15 X
K/ A 1 52 3 PERUE L AL € RPW>e ) 5 miR[54]—FF, A TAERH - fE 5 =X
AT SCA RS, AR 3.1 Fros: -

A= St x ¢ ..(3.1)

Hor, St e RPWXIRICH @ RVXIXC/y i 36 7 2 [A) A I8 I 2 /7 bt
B GAP B E i E A = A, AR 3.2 s

C
S == Ky 3.2
c 1:h,1:w:i ( . )

i=1

IR A A B [55] HyiE BV E = AL, a3 3.3 o

h w
1 l
hxw z z Xije
i=1j=1

]

ct=

..(3.3)

Cl, = ReLU( WS®* X ReLU(W{FeCh))

Hr, WS € RECHIWE® € RECH BRI LERE (FO) MBHENE, r %
TR,

% IRl 2 S M AN R VGREL T M E, BEUEE . hE R R R
HEGE, A0 ARSI A SRR, SO TR FIih 245 S5 [56], 3 s 4 JRAAE
REYRRME LR, I, AT AR RV ) B 2 50 4 SR A 2
R
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3.4 EEBFFHESE 5] FM4 (LocFLS)

LOCFLS 45 AJ LA g i B A S [ 07 2 A FURE (0 5l 4 X 3, AR B )
JRFRFIE . X THE—JZ,  LOCFLS ¥ W4 | FH HE B (172 [ AR Al (ST) ke fr
T NN EEREIME X8, FHid ik Maxpooling #ES RG-S G R R R, AT/ERT
HUE A 4 AEEAT BUG RN , 28 S ERUG AL B 07 VE 22 2% FE N BB IR P RS AN A1
FRTIAARE L BEFE AR M RISR AR R 3R e ok 42 s U A A, L sl @t MG
BY, PR ARSI SR A o IR RN AR I (1 A BT A T B AT 2 T A R AR
AR R0 08— b 22 [1) A8 g A2 (7 5 A8 e o SCHR[B3T42 H 17— 22 1] A i o) 4 A5
ML AR ST PR TR EECHE mibsE , At vl LAREAE 55 75 5k B 3 5% ] S8k
AT AR He o IX PR HRONT TARRAIE 1l 2 (] 28 A 22 R K I UARE . B8 3 )=
0 PG X 3 25 R 1 2 TR T 7 3 0 RV R AR B 1] e it A B R T DA X ey
AER A 9 S8 L B PE R E R 7R . LOCFLS 1+ 4% 5t 20 A 7] /2 VR Bl 45 1) =) B e

MESR G B R 2 R R IE S — KR .

TR, AR ST BHOREMIEER T AN, it 28 # ki Bk

P XA ER LS @A, e 3.4 B

Al _ Sh 0 tx]

XEREN WA LB T sy sy FIAERRIGE (L, t,) BEHATEIE
BT, PR v [P G TR A

35 FikE3]

SMSMANet [ 4552 2 15 R IR 2 2B, B B =M 8 kLR LAk,
Bl B4R Lo, SRR R Lo IR B TR L o0 13BN ARKEL, WA
3.5 fiis:

L= Ljoi +v1Llgio + V2L1oc ...(3.5)

Horb, oy My 2 PHT S A =Rt R0 R P 58 SO 73 243 5% R 3
X 2 451 5k 5 3] ] DL e K BIR 2 L ey 4 R e AT RS BEARFAIE A AN PE L 55 A
EREINRF AL A & e ) 3 g
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3.6 h&E

R TAEAMLGE T — N KB UGB S h i, T O 32t —Floi i
BT REYHR T A TR Mm% —MifES 2 E2ER
JIM 2% (SMSMANet) . %775 LRGN H A R IEAT & 5 R0, 3%E F B i 3L
fhAEEE B (e JFEARHME B A7 B 15 B A bounding box {5 E.%) . SMSMANEet
[P 4% 2 38 o 4 SR RRAE 27 51 T 4% (GIOFLS ) BUAS ) 4 59 P 4 o e A0 A ) s A
2] F M4 (LocFLS) HUAS () ) 1k Jm i AR AR R A, AT HEAT £ MG R o 7E
GIOFLS T/, 43038 Fl SCA BEHL T 2 J2 AR AiE bt P 7 108 108 F1RE FiF 2t P 725 i) I
T A 7] ) S 255 PR AR, hnik 1 esn) 8 it U IR A R S R AT TE, TS
B A R HIAERFAE: 7F LocFLS TM %, AU ST BEHL M 2 4R ML
H PR 1) 22 A S e X 3, i %ot 22 LR IE i PN 22 A SR 38 DX SR PR R AT i £ 19
BRI FIERE . 2, 4562 RFHEM EIRHEREAT & f IR A . TER
IR AR, AR ST ) = At 2% R R A 1) BE S, IX = e - 42 Rtk
JE R R ANBE A 4R o 240X =R R AR B A A IR B AR, 7 St SMSMANet
%A PRI R R R TA B T Bl . AN SC SMSMANet 3125 1) S2 a6k ks £ 76 K —
BT URE, ZIT A A R A BB B 4E (ETHZ Food-101 1 Vireo
Food-172) JASC KRS £ it S 4 42 ISIA Food-500 FdEAT56E, PAGIERA
ARSI T7 V2 0 R
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B4E WSS

FE5E R ISIA Food-500 Ei#s At IR H 7 — P S 2 RS 278 5 ) M 2%
(SMSMANet) J&, 1EFHIEARTE AT SLIGIUE . — J71H, XoF 2 Fh & b U 7k
J SMSMANet 4% 7E I1SIA Food-500 i G HE S EEATSEE, SRIGIE ISIA
Food-500 £ i MR BRI . 53— J51H, #AE I1SIA Food-500. ETHZ Food-
101 1 VireoFood-172 #4fs 45 FREAT )iz S5, 1ER] SMSMANet [ 25X £ it &
P R

4.1 KR E

A SMSMANet 4% /276 Pytorch “F & F 2Bl #N B KN %R
224%224 1B 5. BN ZRR I RENUER S N Bkt AT itk , &R/ 80, &N
0.9, ) RFYIVE N1072, LLEHEE 30 A JE AR BLBR DL 100 X4 SR RRAiE 2 2
TFM% (GIOFLS) , A TAEiE#E SENet-154 W25 AL [B5]/E B T &4, Hr &
A5 ANBE DD R r=16; X T RFARFAESE 2] T R4 (LocFLS) , AT
PR 511 Inception-B HLITAE A @A . fE LocFLS T M iE— )2,
M HLH ) AR X Iy 4 A, BRI T=4, 25 () AR 4 e (ST op EE 5] [ 5E Ny s, =s,,=0.5;
fEZ R, P28y, =y,=0.5.

VRO R bR R FH R R0 8 i AR 22 brif, B Top-1 accuracy (Top-1 acc.)
A1 Top-5 accuracy (Top-5 acc.) HEAT VA, AT Top-n accuracy & FaHE4 AT n )28
il TE SR S W 45 SR L

42 LIEERFTH
(1) X} ISIA Food-500 ¥ £ S2 56 bl

ISIA Food-500 %44 H i) & Fr 43 Jnll 4 HE 60%, 10%, 30% L 5B HL 73 Js il 25
& WAEEMNM L=, X=M0 EHA A EAES. #—0H, K%
P53 s FEIR AR ANFA A AR AR o 2 SR A 2 IR AR | BOAIE SR SL [F) AT A T
A DI HRI FH 3 A SR R A £ RGPk ik SRR 2 48 R VT A

1) f£ ISIA Food-500 ##iE b, 2 TAEH SMSMANet /2% 5 AR & it iR
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AT TSR0 L, SR WNE 4.1 PR KB VEAELHE % b 50 R
2O MBAELE, 1 VGG-16 W 4% [44]A1 SENet-154 P25 [55], &0 4F— Lo i i
P A AR R E GRS U7, Betn NTS-NET M4 [57] 41 WS-DAN W 2%[58]. M
KpsgiG s R g, A T/EFRH A SMSMANet M4 HERETC 184 Top-1 #ERRZR
IS Top-5 HERR 2 AP LL o fh 77 7% mr . A IGEESR AR Top-1 #EMIZRK G, AHLL T HRlf
(K3 /57 SENet-154[55], SMSMANet /9 4% 11 it 75 2 LR 45 b i 1.820%0 41
FERA MRS b mh 2.65%, XK AL SMSMANet X248 XA 4 Ja R A Al R
RPAE SIS AR . b4, AR 4.1 SRIR 45 v LG H, SENet-154 A5 %4 L H A
[P0 28 A5 2R A S e ) B it PRV R 2, IR AR STk 4% SENet-154 ARy &
X 45 KA B AT RS (IR B VE G . AR VRV HERE, ASCER 4.1 PREBIER T
SMSMANEet [% 2% 7 ISIA Food-500 £ fn 5 4 £ b S50l i) AR ot _E AR {BAIY) Top-5
RANFIUERfZE . XL R NG 1 BT IR T IS5 HE 50 ZRieHEr028 501, Hh
Aburaage & ISIA Food-500 #4128 1 28, Zurcher_Geschnetzeltes & ISIA
Food-500 %4 BL (1145 500 2%, /E bleflaesk 72 BE LI HL — R AR BAN
4.1 WJ DA K O B AR o PR AR LA SRS , Oy 5 R T A AT v RS B
PE AR DT B SRRl 7 VR 2%

£ 4.1 FE ISIA Food-500 $#EEE HRHERE B (%)
Table 4.1 Performance comparison on ISIA Food-500 dataset (%0)

S AFEMA S RE A WA e

Top-1 acc. Top-5 acc. Top-1 acc. Top-5 acc.
VGG-16[44] 51.97 81.26 52.16 81.03
GoogLeNet[3] 53.24 81.59 53.09 81.32
ResNet-152[59] 52.94 81.59 52.94 81.41
WRN-50[60] 54.42 82.74 54.61 82.86
DenseNet-161[61] 55.21 83.19 55.05 82.83
NAS-NET[62] 57.25 84.64 57.42 84.53
SE-ResNeXt101 32x4d[55] 58.18 84.69 58.48 84.60
SENet-154[55] 59.94 87.02 60.05 86.82
NTS-NET[57] 54.31 81.93 54.48 82.21
WS-DAN[58] 57.40 84.84 58.12 85.16
SMSMANet(A 3 T.1F) 61.76 87.58 62.70 87.79
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Groundtruth: Aburaage " Groundtruth: Fried_aubergine Groundtruth: Seafood_boil

{ 7 Top-1: Aburaage(0.87) Top-1: Bruschetta(0.80) W, Top-1: Plateau_de_fruits_de_mer(0.94)
Top-2: Grits(0.67) . Top-2: Stuffed_eggplant(0.77) "' Top-2: Steamed_clams(0.85)

* s

~" Top-3: Fried_aubergine(0.49)
Top-4: B&h_chuéi(0.42)
Top-5: Banana_salad(0.33)

We  Top-3: Paella(0.73)
¥ & Top-4: Seafood_boil(0.58)
#Fy  Top-5: Crab_in_Padang_sauce(0.33)

‘ Groundtruth: Svickova
Top-1: Svickova(0.91)
-.‘t Top-2: Rack_of_lamb(0.62)
| Top-3: Sauerbraten(0.48)
Top-4: Carrot_soup(0.45)
‘ Top-5: Goulash(0.45)

Top-3: Andong_jjimdak(0.65)
. Top-4: Onigiri(0.59)
Top-5: Gyutan(0.56)

Groundtruth: Bibimbap
"M Top-1: Bibimbap(0.87)
‘.".\ Top-2: Nasi_liwet(0.82)
~ Top-3: Butadon(0.73)
Top-4: Spatzle(0.63)
Top-5: Cebolada(0.48)

. A Groundtruth: Kebab
s 4 TOp-1: Kebab(0.75)
@ Top-2: Sosatie(0.56)
M Top-3: Shish_kebab(0.45)
- Top-4: Ayam_goreng(0.42)
g8 Top-5: Souvlaki(0.20)

8

r‘ N T Groundtruth: Zurcher_Geschnetzeltes
Top-1: Nasi_liwet(0.82)
Top-2: Zurcher_Geschnetzeltes(0.78)
Top-3: Corn_stew(0.74)
Top-4: Cabbage_soup(0.66)
’ i Top-5: Mushroom_gravy(0.56)
Groundtruth: £ bleflaesk
Top-1: Hongshao_rou(0.86)
Top-2: A bleflask(0.57)
Top-3:Lamb_chop(0.54)
y ' Top-4: Kakuni(0.52)

Top-5 Galbi(0.46)

Bl 4.1 SMSMANet FIZ5 R Top-5 KA 751 &
Figure 4.1 Top-5 category examples of SMSMANet prediction results
2) A AT I8 TV Fil S 6 Al Rl 15 4 JRRFAE AN =) FSARFALE SRS A RICR o I3k 4.2
FuR: RRRHEY: 2] T2 (GloFLs) ZEHGJR LS 2] 7 M4 (LocFLs) M
e, XN 2 RRHIE R & 1 2 3 A i BB AE B R A 2 31 B 22 01 1k
W, TR AL 27 > 1 WX 28 I e 1B 1 27 ST He A B3 70 JR R AR AL, T AN 2 A 1Y
UG E DX, AR 2 380 1) 5 T8 it (0 PR R R AT b, o A K S J=) B R ik
KAEAT R AR, FTRES AN R IR X, Zg 1 HoAth & 70 F Z A A A5
&, L LocFLS MR P& =#H BN . SMSMANet M al & 1 HA 41
5 R 2R R A EAT A0 5 B R AL, SR e R AR SR IR A e 5
WO AR B RS A BTG 25 . SMSMANet 48 78 <8t PE 45 #7 Top-1ace. 345
T GloFLS Al LocFLS; A iK% L GloFLS ) Top-5 acc.t4:fE . SMSMANet
. XN LocFLS TEREBRMIM ALK 7 SMSMANet EfE. & A K i,
SMSMANet M2t & 1 BRI 1 4 R fE BATHDGINE RS S, & EA
WRIVERESETHE Fr i By, WIGE 1B & 2R AL S R AR AL i AR RCR
R 4.2 FE ISIAFo0d-500 R4 EHIHRBESEIRE R (%)
Table 4.2 Ablation experiments on ISIA Food-500 dataset (%)

. Groundtruth: Nasi_goreng
:_'\ Top 1 Biryani(0.82)

N Top-3. Jambalaya(0.57)
Top-4: Fried_rice(0.49)
Top-5: Nasi_goreng(0.38)

Groundtruth: Corned_beef_sandwich

5 Top-1: Corned_beef_sandwich(0.51)

% ‘ Top-2: Ham_sandwich(0.47)

Top-3: Pork_tenderloin_sandwich(0.33)
Top-4: Cheese_and_tomato_sandwich(0.27)
W Top-5: Bacon_sandwich(0.21)

Groundtruth: Pot_roast

2 Groundtruth: Champurrado ol
- . [
Top-1: Dinuguan(0.92) F .
| Top-2: Champurrado(0.74) e
Top-3: Pipikaula(0.70) L
2 " .
Top-1: Hongshao_rou(0.86)

. Top-4: Scampi(0.61)
Top-5: Coconut_cream(0.24)
7 ‘
7
¥y [o. Top-2: Sauerbraten(0.48)
y Top-3: Pot_roast(0.46)

Top-4: Goulash(0.45)
. Top-5: Boiled_beef(0.21)

i A N S A AR
Top-1acc. | Top-5 acc. Top-1 acc. Top-5 acc.
GloFLS 61.73 87.42 62.45 97.71
LocFLS 59.92 86.43 60.66 86.65
SMSMANet 61.76 87.58 62.70 87.79

3) ATAETE SMSMANet P45 1 = AN ANEHFAE)Z E X R H GloFLS 7/ 4% 1)
SCA FHRHLAISK H LocFLS 7M1 ST B iEAT 7 nl 4L br. ankd 4.2 Fiiow,
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£ GloFLS T/,  SCA BLHAEA [FARFIE B 2 32 AN R i) 4 SR PEARRAIE, LK
11 Boiled beef I MuRAE A Pumpkin bread & SarF (S . AN, BEE
SMSMANet [ Z5 i, SCA BEHUER 1 58 & A Fl 58N 0 1tk 1 4 JR 15 5

fE LocFLS &g, ST HEHLrr LU [FRFAE b ] 24l 31 15 550 (AN 6] JRi 3
X, &2, SMSMANet MZ5Hk#A GIOFLS T M %4l LocFLS M5 k472 >,
WE27 31 7 AR A R A5 B3 7 N REAE R, B 4.2 AT I E5E

- 05

Boiled_beef

gy GIoFLS@ :

- _ :"V: 3
_— : :
0.0

LocFLS ;
Pork_ball ﬂ. @D ﬁ
(a)

(b) (c)
Bl 4.2 GIOFLS # SCA AT LocFLS H ST AL i T AL AL B
Figure 4. 2 Visualization of SCA in GloFLS and STs in LocFLS

4) {E# M ISIA Food-500 £ R ik £ 1 20 kR FHAT € o br. AL
B AE Top-1 #ERER L 10 NRIEIFIZE (i 4.3 Fras) F 10 NRINEZER
kK (WK 4.4 FiR)
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B 4.3 EEAPTRF Top-1 HEFHZRBHTH 10 KL RE

Figure 4.3 The 10 best Top-1 accuracy categories of selected analysis categories
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B 4.4 EEMHRF Top-1 HHHIRERIFH 10 RERE
Figure 4.4 The 10 worst Top-1 accuracy categories of selected analysis categories

MEIA3FEAATF LIE R, A LRIRE SR, HinKatsudonMWotou, ‘&
I Top-LHER AR TEQ0% LA s SRTH, A Uefr MK HAZ 5, thinBisque
food 1 Butter pie, BT Top-1#EMAZFRINEL% L o Fitk, AICHE—B oA
GiRBI e A, VEFPhIE T3 M Top-LHEI R B 22 (02, 3F M H Top-51: %
(IR BI3AN 5 Z AR 2EEAT B 7. MEIABATLLE H, 2800 2 57 K/ S8
PERE N IEM FE R

XSRSV A HTIUER . (1) & dh BEEIE St — R Se R4 (e
ImageNet flIPlaces¥#E 4 ) ki 14, 1SIA Food-5004& — AN bk o 1 £ i %
AR (2) PUA I K 2 HOEE HE U 77 78 A & UG Bl 4 B kAT 03 1
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ORI ATEAR, HAERZ R G 60%L 47, 1A [IISMSMANet P 25 14 8
IX B FEUE T77, 1B SMSMAN et 25 554 € i TR 1 B A R0t AT, MR B s 4
A TR A — A T BRF S AR B LA

v, X : - AT i [ . "'_ - | < .
Rice_and_curry :Sweet_saffron_rlce Nasi_kuning Fried_rice

K45 SHBERRER
BIVE: HAE—FRR 3NMRERBRR, REFIREL INMBREXK.
Figure 4.5 Confusing class display

Note: The first column denotes the 3 worst performing categories, followed by the three most

confusing categories for each row.

(2) X ETHZ Food-101 %4 4 S48 V7 il

ETHZ Food-101%4f 451 K H 10128 & /% 101,0005K EIE,  #:4~3$ 4R £ 1000
BRI Fr o AEANZEAI10007K 18] A #4523 B 7503K I 28 18 Fy A250 3Kk B o A A%
FEETHZ Food-101 52546 T SMSMANet % 25 A1 LA 11120 MG H0 7 1% « 243
N: B TMSMVFA 5 i%[5]. 1G-CMAN J57%[16]+ WISeR J5 7% [34] #1 Inception-
Resnet-v2 SE J51%[63], A 3 #2 tH ) SMSMANet [% 4% 8 H k#8433 U 7 v
MSMVFA 5 £ [5]F11G-CMAN 5 £ [16] 75 B2 M B A E RS2 HURFE,  JF H.5I N4
SMEMEHE BAE AR S, A SCHE H 1T SMSMANet ™ 2 R AE A B Fr, A8
FH H A %8 B 45 8 . WISeR 77 2 [34] 5% I T O Ji2 15 48 1 AlexNet B ¢ 7 1 i
Inception-Resnet-v2 SE[63]77 218 H 1 B In&4ls % #2 2% > 773 11 SMSMANet ¥
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ST AT {7 P I S K i 104 i 3 B I B I R0
[FRE, A TAEXNTSMSMANet™ 25 /EETHZ Food-101%0 44 b k47 1 Yl mh sz ad,
MZFR4ATT UG B, BeS 4 R AE R SRR AE 22 20, SRR A — 2 A Bl

R 4.3 7E ETHZ Food-101 ##E4E ERIMEREHLE (%)
Table 4.3 Performance comparison on ETHZ Food-101 dataset (%)

WikiS Top-1 acc. Top-5 acc.
AlexNet-CNN[2] 56.40 -
SELC[64] 55.89 -
ResNet-152+SVM-RBF[65] 64.98 -
DCNN-FOODI66] 70.41 -
LMBMI67] 72.11 -
Ensemble Net[68] 72.12 91.61
GoogLeNet[3] 78.11 -
DeepFOOD[69] 77.40 93.70
ILSVRC[70] 79.20 94.11
WARN[71] 85.50 -
CNNs Fusion(12)[72] 86.71 -
Inception V3[73] 88.28 96.88
SENet-154[55] 88.62 97.57
WRN[34] 88.72 97.92
SOTA[74] 90.00 -
DLA[75] 90.00 -
WISeR[34] 90.27 98.71
IG-CMAN][16] 90.37 98.42
Inception-Resnet-v2 SE[63] 90.40 -
MSMVFA[5] 90.59 98.25
SMSMANet(4A 3 T.1F) 89.83 97.91

£ 4.4 FE ETHZ Food-101 R4 LHERERE R (%)
Table 4.4 Ablation experiments on ETHZ Food-101 dataset (%)

Sk AR
Top-1 acc. Top-5 acc.
GIoFLS 89.61 97.99
LocFLS 88.89 97.78
SMSMANet 89.83 97.91

(3) X Vireo Food-172 $i4f 85 S 56 Ak
Vireo Food-172 M S 172 J5& 5 110,241 5k K A, BRE A BE ALY
fiir, BRI EAE 191~1,061 sk 0], FFREHE 12 ] 60%, 10%, 30% LLAlffEHL
IrMNZREE . BUE SRR AR . AR TARIEH | — 283 HE 7 1M SMSMANet 4%
£ Vireo Food-172 ##fise badb47 752, SLRsE R WK 45, MR 4.5 o LlE
H, A& SMSMANet /A48 14 BEI IR T 1IG-CMAN J5 7k [16]14: 8, JR A /& 1IG-CMAN
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JIE[16]52 2 B By S Ak B o 21, I Bl N T AN EM R BME B A
) SMSMANet 2% 2 b 2o >, HAH B AR — MRS, & 4.5 Hikk
iE T SMSMANet /2% () Rt
Ve % SMSMANet & 7E Vireo Food-172 $idli 5 H3HT T mabsLas, M
4.6 AT LIS —BESS 1R BbS AR RHMER R ERIEXT Top-1 TERERS BELR 4
Frescst, FHRISUE T BEE GloFLS 1M 2% F1 LocFLS ¥ 45 1) HAME .
£ 4.5 1E Vireo Food-172 H#E4E EHHREHE (%)

Table 4.5 Performance comparison on Vireo Food-172 dataset (%)

Jii3: Top-1 acc. Top-5 acc.
AlexNet-CNNJ[2] 64.91 85.32
VGG-16[44] 80.41 94.59
DenseNet-161[61] 86.93 97.17
MTDCNN(VGG-16)[8] 82.06 95.88
MTDCNN(DenseNet-161)[8] 87.21 97.29
SENet-154[55] 88.71 97.74
IG-CMAN[16] 90.63 98.40
MSMVFA[5] 90.61 08.31
SMSMANet(A 3 T.1F) 89.77 97.97

£ 4.6 FE Vireo Food-172 HIEE L HHERLRLER (%)
Table 4.6 Ablation experiments on Vireo Food-172 dataset (%)

S AN FLAAE
Top-1 acc. Top-5 acc.
GloFLS 89.62 98.03
LocFLS 89.14 97.89
SMSMANet 89.77 97.97

4.3 INEE

A2 BN AL K ISIA Food-500 #iE4E f1 SMSMANet 48 #E1T 1
SLIGIAE . B 52 R IHE AL, UERA T SMSMANet W44 42 R RFAE 5 R
HRFIE e A2 2] A R . SMSMANet 45 7E 1SIA Food-500 #i4f 45 ik 2 T 18
IPERE R A . AR, SMSMANet M4 fF ETHZ Food-101 %454 f1 Vireo Food-172
AR LIV RE B I BT AR R AR HiT H A e i PERE - H AT S MEREY 1G-
CMAN %5 7735 & R FH T &40 IR A4 k)4l B A5 2 A0 #0438 m o7 =X, 4R 4 ¢
SMSMANet P 2% f2 A LL B i A SR 247 BRI 227 =), AR B 1 A S
SMSMANet [ 2% (1 Rtk o [y, A TARIEBEAT 7 IHRESEL:, R R G 42 RAFIE
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1 SR 1T 1) S g 22 L SR A P 4 SRS REALE R B A P SR 3 R AE A RE 2 47, AN Toop-
1 #ER R SRS H, SMSMANet W28 R XS GIOFLS T P45 A1 LocFLS P45 1Y
SR T U M R TR A TEBIA . L SMSMANet 4% (R ALAk 23 M H
Bt SMSMANet B 5 FUZANBI IR, GIOFLS -1 M4 i k1) 42 5 15 B 5
AT HNE: LocFLS FMZH R R EE B S AR E R TIER.
seah, A TAEIEX) I1SIA Food-500 ##litEfit 1 &M #r, B 7 ISIA Food-500
B £ B A PR A O A H s £ 1) £ R0 R EE R TR B
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LR HERE

TRET il eI 05 52 BRI 2 N (067, IS AR 3 oo 2 e Ak & W U G 75 R
) B R O — AN RTTIBE AT 1) T U R T AR U R Ba s, B
55 F AR ) — SR — 8 X, AN BEAE IR AR U HOR . X R R F N
AR T, AR 2t i MR B S IR 22 3/ RIS A 22 S R A R i 5 — ARESE
YRGS (Eban ImageNet AT Places ¥ 45) HIR KA. & T Fh 5
e g, — S RG R E A S AE H, T R R A S B EE
Fett, HRENES & E BRI EERREAT B R . ik, ASCEENE
QE I B A AR 7P AN J7 THR ITRIE 5

5.1 #5ig

(L YA & MmEGEREE e R B ERD A& CE A R,
X TE I R KU 2% B R I G A R 2 1 75 5K o AT 1 kv £ R
¥4ESE (ETHZ Food-101 Al Vireo Food-172) R —H L XM+ JLAKE R, &
LI AN BE T R St RN A TR . T, A SRR — AN AR £ it B4R
HOHRAE, DU S L R A R A TR B AR SO R £ i M B R D R
LA () BIREMSAEREE. AOWE T — AN mRErE-a k-1
MFR-B B I = RS A ik R, I T48'% ISIA Food-500 ##E
M A ER.  (b) BURUCE. MRS S ik R b AR, e
B ARG E TR AN . (o) BiRidve. sHaHgik iy, A T/EE
WP E SE RN ARG v B, BT EdRR A . () B 7.
P L 17T A 35 A 3 AT A 5 4% BB B i 22 [ 5 S0 7 i 07 s ROIE sk
P w4, ASCHET — A RBE & EGEIESE 1SIA Food-500, XA
HAEEAS 500 K& 405,776 sKIEfr, &K A 7E 500 GKEL E. ISIA
Food-500 ¥4 HL A M Al 2 2 . M oK. 78 a v B A0 R 10 T 0 e v S AR
AHRE R

(2) ARSCEEH T —Fh SR 7 ik HE B RS 2 7E 2 /1M 45 (SMSMANEet),
AT DA ] 2% > BRI 4 JR R AU 0 R 3 R AE R R AT £ AR o X AN 7 VEAE 4 3= By
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NPANER 5y 42 RRRAE 2 3] T 4% (GloFLS) A= #5411 2 3 T M 4% (LocFLS)
A JRRFAE 2% ) F 45 (GloFLS) = %ia ] 2% [ AUl 4 = U ) (SCA) 4k
AU P 2 ) I S 2 e S VA R, LA S 3 ik 4 SRR R . R TR
fiE%: 2] F 4% (LocFLS) F iz FH 2% (Al AR e it (ST) MRFAEHE b #3824
A A 25 30 DX ISR B HR SR B AR AIE o BB, R T AN IO 4 4 B 4 Jo AR TR A ) 0
RAESRAEAT £ SR

(3)  ARICAE ISIA Food-500 4 5 A0 iy > B A i 2k v 2o ol I8 B dls 4k
(ETHZ Food-101 #1 Vireo Food-172) k47 1 783525, #4462t 1) SMSMANet
28 1 22 AN B i R 5 EEAT T B, IR A R AR ST SMSMANet 2% 1) &
FTISIA Food-500 J& — AN R BAA Bk ) & il AR E8E 4 .

52 RE

HAR, ASCTARTE S b BUGEE SR R 7 ik RIS T — e R, (EA))
SRAT AR 22 B W AR AR G 1] R 15 58 2 MR 9T, 045 A S B B B A0 & R
VRS . R AR A SR AR, PEE DN AT UL LA T TH 4k SRR 5 -

(1) & REHREY 2 ISIA Food-500 #4E 4k 824 78, HbriZ 2,000 &
SFHZEL 100 J3k DA IR P R B, SRR R A — AN E G R DA i R
WA, IR I HEBIX A R B i G HIHE 4 B8 iy — AN 3T 10 B e 2 a4
FR B B SR s E 0 — S ELRERE ;X I1SIA Food-500 % 82 AN AT DA A&
e SRR 78, 0] DG A & S5 S, P B EARL, ST O 3R O
WRAE, XRERT DL TE R B 2 RS A £ R 7 2 1 LR R SR

(2) FE & mZ MBI ST AT RS A, AT SE o A
o, FARE AT . B, E#H B, @B RNEMIONET, BIEA
HR G B2, FLS AN B 1 m] LASE TN 50 55 A IR « [FI3E, S T,
RN BT HEIAE, T ECRIZA AR AR (&R, ERARS®RS)
HBL R SRS AT DU S A RS R AT s AR T SRR AR . IR
TR MR Aty ¥ BRI HUR, AT LA R A AR RS s, AT DUAR
JEAPRHIURTE, 0 LA Rk R i S 3R AT HEWT &

(3) S5 OB G MM (6 B I R, O H g B 1)
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B BN B TR 2RI 1) B R A EM P I R R . (EFHIAA,
BRI R 2 7 £ it B O B 22 S 40U 2 L LB O A S BT 7, MR 20155
Bh TS RG] DU R A A G B i SRR T 0

(4) a2 e imitt BT ek aA, e 53X
FE— IR FRJ o AT T R0 B Wl AR S 1t T B ) R, i B RS SCAR
MBI ST A AT A 25 A 58 22 Pl R RR 3 o B AR T DA 1 B 22 A SRR, AT g v
RHREVERE, R MERIRRIIT .

(5) /MEEARE TR N R ARBIRRAC, IR AN TR BE R
TRE e, (BREHE R BRI P mBcm Kok 5T, FFA2h
MEdEa ey 2R, g AN NIZ, FEARRRAT, Frid
73 5 0 MG BRI AT B8 LL D o DN IX AR L, 7R RO A b Ik R
R AT REmt A S T, AT LEETTAR — E2WE TEN BT 06 -5 /R AS £ i
BUUNEAR, LA SCRR[7614 HAE AR > B dh BRIl |, Rl = o 4%
R R M ZREAT BTSRRI .

B BRI BRI R E AT B R, BEATHES &R
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