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Abstract

Abstract

Food is very essential for human life and it is fundamental to the human experience.
With the rapid development of social networks, mobile networks, and Internet of Things
(IoT), people commonly upload, share, and record food images, recipes, cooking videos,
and food diaries, leading to large-scale food data. Researchers can use these food data
to do various research in the food filed such as food recognition, food retrieval, and so
on. Food recognition is the basis of research in the food field and gained more attention
in the many communities due to its various applications, e.g., multimodal foodlog and
personalized healthcare.

Most of existing methods directly extract visual features of the whole image using
popular deep networks for food recognition without considering its own characteristics.
Compared with other types of object images, food images generally do not exhibit
distinctive spatial arrangement and common semantic patterns, and thus are very hard
to capture discriminative information. With the development of the mobile internet,
users not only upload a large number of food photos but also provide the ingredient
information. Just like the importance of objects to the scene, ingredients within food
images are also very important for food recognition. Moreover, many research results
proved that using semantically meaningful food ingredients can be used as attribute
information for food image recognition. It provides complementary information from
different perspectives and granularities to improve the recognition performance of food
images. Furthermore, although food typically does not exhibit distinctive spatial
arrangement, we can explore image patches from different scales and then fuse them
into multi-scale representation. Such representation can fuse patch features from the
coarse scale to the fine scale, and thus their features contain information from
discriminative image regions. In addition, multi-scale fusion can be more robust to the
geometrical deformation. Therefore, in this thesis, we make research on food
recognition based on food image ingredient information. The main research contents
and contributions are as follows:

(1) This thesis proposes a Multi-Scale Multi-View Feature Aggregation
(MSMVFA) scheme for food recognition. We utilize additional ingredient information
to fine-tune the deep network to extract mid-level attribute features. The high-level

semantic features and deep visual features are extracted from class-supervised deep
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neural network. MSMVFA can conduct two-level fusion, namely multi-scale fusion for
each type of features and multi-view aggregation for various types of features with
different granularity to produce more robust, discriminative and comprehensive fine-
grained representation.

(2) This thesis proposes an Ingredient-Guided Cascaded Multi-Attention
Network (IG-CMAN) for food recognition, which is capable of sequentially localizing
multiple informative image regions with multi-scale from category-level to ingredient-
level guidance in a coarse-to-fine manner. These regional features generated from the
network under the supervision from different granularity are very complementary.
Therefore, integrating diverse regional features can lead to more comprehensive and
discriminative representation

(3) This thesis presents a new food dataset, which is very complementary to
existing datasets for food recognition with ingredients. It contains 200 food categories
from the list in the Wikipedia, about 200,000 food images and 319 ingredients. It will

be made publicly available to further the development of scalable food recognition.

Key Words: Food recognition, Convolutional neural network, Ingredient information,

Multi-scale, Multi-view
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A 1.1 &RBg0EG RS

Figure 1.1 Some food samples
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Figure 1.2 Non-rigid structures of food images
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Beef vegetables
stir-fry noodles

Spaghetti
bolognese

< KW ZE >

B 1.3 RmERFERKREZRDRNE

Figure 1.3 Food images with large inter-class variance and small intra-class variance
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Strawberry shortcake Hamburger

i
Stuffed bitter me
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Figure 1.4 Some food images with different geometrical deformations
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caesar salad
\

|t
tomato,cheese,
basil,oil

VK5

chicken wings

|
chicken, garlic,
~ soy

' ESE
& baby back ribs
_|H:
baby back ribs,

apple, mustard,
* chili

e

59 scrambled egg with
41 loofah
o«

4 B

# % crushed pepper,
’j scrambled egg, loofah
ESiIR

braised beef with
potatoes

hot ar.md dry pepper,
beef chunks, hob blocks
of potato

25

prime rib

LR
rib eye roast, oil,
rosemary, garlic,

A thyme

B 1.5 —SagaER KRG EGRS

Figure 1.5 Some food samples with rich ingredients
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! https://github.com/minweiqing/Ingredient-Guided-Cascaded-Multi-Attention-Network-for-Food-Recognition
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RLEE X3 B, KX 8 XS RF AL R & B 4 O HRFAE R 7R, L Softmax 739844
BEAT R b BB AR o e 4 SRR WA R RUBE (9 XS L A EAME i HLE I Tk
G, AR BRI BRI R X 8 B A AT R

55 5 mAS A SCHAT B4, IFRTARRIIWE ST AT TR

HIE AL REZUARE AT FIRBIER TIML
FT [ e X Ik |:> FT R B2 M X
T EMES & &HEGIRA

B 1.6 WABFALAEZ RIHIERFR

Figure 1.6 The relation between two research works
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F2F WMEIRHE

Banfe NRAEmATER L, R CRASE BT E RS 1) EZEN,
116 i B ROBIE FERE J1 B, i LA 5 THIF 75 28R (97T . ARG N SAAE
[ b B25— R ARG 7 R T EAHESR[90], EAL R s R RIE R, Rt
B E B MANRIRIE SRR 3 A 724 2 A 2 MR i it , O 1 B il RO ST
WAL KR HERESRAEST TR, WA I R R B2, WS, KBRS
S AU B AT DR R R4, A AT FT (881 3k - dh AL e M Bt oy
LB S HERE A B RSP, 56— IRAR SR T R AR, IZAE R B E
= LN SOMFRR A, PR R R R R B i B o i = E B o R, H=
H I BRI, R TN R . fdh BRI BT X S g s BB A0
W Fe R, — BRATRA B YIS0 8 &b, T DLEE— D AT 2R g B 5%
7 B B HAAE ST, BlanRE IR ERAGTE EIRaHr. E SR A ik
B M H A EGRAEE R ZSERr A, Hehn B B TR R 9
Ko hLas NAE o AL, Al PR R A B B R USRI T2 o BB IR 27 )
HREARNIARE, Bt BRI AR 1, A SCHUR 7 N BLUR
PURPSRA: (1D b i b B GRG, HH 2N M e a i G,
(2) HxEE MM 2R EGRA (3D RS K& b B &R
Ao (4) BN B BRI R s BRI

2.1 BiRZRmEGIRR

T BRI 1K 2 B0t 9 AR v — ke £ B A L —
). HATT AR £ B AFE M T RME AR B R AE R AT & i B

A F T AR PR 5 20, — o BRI, 53— PR AN R 45 o STFT
(Scale-Invariant Feature Transform) REAE[16]45) 72 F T it UG R 7 B o s
fE[17,18], SCHR[191E Se Ml 1R SOUABMOB G BB R LK, RIEHRE
FRTRFE 53 AR AR AL RFAIE AR, RZHONERLE T AR R T LRHIE R i2
B A BRI R o 1 SCRIR20,2 1 138 3k 22 4% 2 ST Rl A 25 Fh 2R 20 (1 R AR AE R
BEAT B SR B, G AR HE SIFT, Gabor At B 7 SR . SCHR[22]
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FIFH LBP (Local Binary Pattern) RF4EFI 6 i BIR EAR I A&/ 25015 B SCHR[23]
WA T Garbor, LBP Fll GIST 45 £ Fh S8 B (R RHIE , S8 J5 FI I H 7Bk it e -
BT JUAE,  CNN ) 72 A T8 db BRI (RS, I HAME Gy
AL, HAEREERR K IPETH24]. B0 78 TAE B F RS [R) 25 B 11
CNN 2 B A5 FEREAT £ SR o B An SCHR[25]15 ] AlexNet W1 £ [24 142 HR
BBk A i UG AL SRR AE SR B W UG . SCHR[27058 1 T 2R A0 AlexNet
M 4% [24] 5% 4F T CNN 7 £ d EUGOR BIE % P A 2tk . SCHR[29] B 8 f0A
Inception V3 24K iEAT IR SCHR[3014E ] ResNet-50 M43 1] ELARHE B
M HEAT B BRI AANE 72 00T o IR 8 TAEAU A8 A CNN 3 BRI 4FAE L
Bt AT, A H R MG A SRS, RIRAIERE A . A — L
BFF 58 A @ I i AN ) 8 B (R R AE SR AR iR AP B o LE I SCiR[2614% CNN R
R HE 5 RURAE A B R R IE R o SCHR[28]25 T GoogLeNet W48 [ %
5 YRR RS SObR 25 HE B (1 43 J2 18 SORBEAT & BRI . SCRR[32] /A T
AlexNet, GoogLeNet I ResNet 2% IR0 FFAE A T8 b BRI . SCHR[33 14
ResNet 45574 W B AN AR 5% S BB AHEE &, REAT & W EUR IR A . SCER[34]
A WRN (Wide Residual Networks) [351HIFLTEREAEFIMAT E CRTHEYI F
2% (Slice Network) HIMLSERFAEARIEAT RG], FEA ML PS> SCH e: WRN W
25y SCRUBAH V) BRZ Y v W48 4y 3. WRN F T 3R — MR s R AIE, T
PO F P F TRl 1 B 3 B A o I Al A X B AN 2 S IR R AE, T8 3
T 4 2 A G R R R . SCER[89]Rl A = T B4 M 4% (Triplet
Convolutional Neural Network) 55¢R M %% (Relation Network) HEAT/MEAE fh
FUGRA . 534h, A ARG LAE36]Al & T AAMKJE MERHE,  Hin & dh B
e RIS . IXEER T 4 AR, RlA AN [ AR 28 B0 B T i MR U3
B 7 HEAT B R 28R BASE, 3 — SRR A AR DUk R R R
(Cuisine) BLFH EMIAT I LLATSCRRI37IKE B (S BAE B MM BoRIEAT &
i BRI KRR o SCRR[38 TS B W NARFAE, TR A [F) 1) 43 28 S SR TR0 1%
(R RRBRAS o SCHR[39]18 F 2 A A VR FE /K 22 2 Al (Boltzmann Machine) SKRIRZ
MRS R, T EBENEN (Recipe) 7028, SCHR[404R H T —Fhig &
TR TR T &M BRI EAR G . SCER[415 ] 7 &b 3], Bkl A
Fefiids, SR aig @ (ol OwRAXR) .
10
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2.2 ZiFERmEGIRR

FEPSEAET, BamEGT R ZMEY. SCHR[42]2 W —ik & 5t EE T
PO 2 MRS — BULAE, ARATE el B X, S8 5 X gt AT R
SCHR[4313E —BE A T B LR R A5 BR AT 2R &R . 54,
YR A Y BB W) 2 T B 2 i & w B ok LI 2 br
IR .

PR IAE 38 0 8 SO A R, A T X 4 4 e — iR R
TN ER[25,44] X TAERAM LSRN T LRIER R, AR IE
T AAT IR FERAE R R o A TG00 T LRFIE, 85T CNN SRR BEARFAE
KU EARMPERE . P2 RN AL REE T CNN S2HEHE AL 0EARE, BUH E
Bl CNN SREAT i B (R0 Fh i SCRR[4S]E B2 H T GoogLeNet M43k
BEAT B AL A S (0 40 286 . SCHR[46] 1T GoogLeNet W 4% HE B B AFAIE 5
{# [} PCA (Principal Components Analysis) F&4E, /a4 it SVM (Support Vector
Machines) 73 E&E KT € AIER IS X T TARI R T 85k £ dn &
B ERRFESEHG, SRR 5K A B T B L — SR R 1S (s BB e, (Rt
SCHR[A7TE Se il d N USRI S 18 (Activation Map) 485 A= iz FAE (1 i
W (Proposals) , #:% 1§ Fl GoogLeNet W45 1] H &F~101 FHAE P A7 1 R Fh B0 )
HAL, SCHR[4S1U RIS I EvE YOLOV2[491 5K 3047 22 R & 40 R A FIAS I o
X BERE T TAE S TR FAE AT R AESR IR IR A 2 R &4, b T3k i FRAE N
MEMEGENOS B R, BAERE R, BRI IR, 58
PR AR LL, B o EI2x B ER AR R BT 70 28 STHR[S0]8 T —
P07 T B 3l 2 SRR 2 A I . B RhE BRI R AE A SOy
)5, @i SVM #4770

TERRERMETAE, SCHR[48]F H —Fh i T35 SCR VIR 7 2R SE At it vh 2
FrE iR . ZINER B EVRIAE PRI =AN o .
3 ETF E R CNN[ST/AE R A EE, 285 KA Moore-Neighbor iz 5% i3t
AT FHRE, B 5 WO YOLOV2[49] R SEPL s, [EIBf R0 e FE it b 2 Fh
Yo 15 SCATPR DIE S A SRS W P 25 SRS 1 o = ARG v Fr) — SR, A
M e e -

11
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B T SRR LA, B R T 2 AR AR AR B STk
[52,53 )8 IR 27 ST 72k SE LB W ZFR A5 B R0 o SCHR[5418F — P il
id Inception v3 1 Resnet-50 W28 HEAT Z2 W52 &AM TUINIK) J5 7% . SCER[551%¢ct T —
AN ZALS A MELR AT Z AR MU, ZAESE RN M 454 . SCHR[56]
RET —MZES RS, %R LI CNN NEERG P IRGISER K, &
YA BEY) AT % SCER[STIHEH T it — 438 (Bipartite-graph) #2510k %
KRR F B M EMAIREZ R, REH B A CNN ZHTRE, SC
LA i Z AR AR AT M (Dish) R0

2.3 MHEBIIHNE&EFRIRE

it R4 e 465 2 A (R S, A i EUGOR BI RLF T R sl A8, SEaileg
2ty 6 it EUGR A RSR 2 BOGTE . N B AR 5 & W BRI AAR S &, AT
PLidsk B A, 1 H AT DOR IR & PRSI BER AL PR A(E S . SCHR[S8)F R T —
il S 3 B 4% SR I E A4 i BRI (4 77 9% AT 8 o B s MR PR e &
VIPFTE R X3, SR 5 R 4E FLRHAE CRIAE BN B E ) HEAT & BB R . S
BR[59192 th T — Ml T FAHUEAH I N HFE 7 DietCam, %N FHFEF N ZA M EHE
JEEVIHANIR AT BRI . STHER[6013R H | — = HB RS, RG]
PLR BT & IF IR 1% R G T4 B Y HLAT DU AR Hit i N\ 21 A5 108 Sk 12 3))
B, SCER[611HR H T — R R VEFEAL S el & SR & o SCHR[62]52
TR BN IR RS FoodCam, RETERT AE T 1 Se B SEi (K6 i UG R
R 2152 it 7 — AN s R TR, AT LA Bh A R 2% 2 AR EUR 1 = SR IE R
R, YFZIREE 2SI 4%, 15140 DenseNet[63], MobileNets[64]A1 ShuffleNets[65]
iGN E. K, FETRE SNBSS IRANECEF PR R
BN, SCRR[66138 L 51 N T 0 REAE SR BT IR B 27 =) P 2% , Kt FoodCam 9" Ji& 2|
DeepFoodCam. SCER[67]H2H T —FA 2k & MR R4, ZRG AT LRI R
EZRaY, lngES LRdHE e, REEB TR R B AE R

12
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2.4 BMALTXEENRAEBIRA

B T AR B € ah BUG R AL, Sl i — SR A R B, KR 4 N AE
SN A A RIER F A . DRk, BRiBR 2 (Mt 70 AR L0k THeE B IT s,
SCHUVREE BT B AR, A7 S 5 L ARS8 T iRt — A0 vl LLSE AR T
(R A B AR I B R . FERX PR E RN, RSN TR SUE
B, BNt E GPS 5 B AMSERAE B . STHR[6814R 1 — o I A7 B A% k5 B A
BT LHE AR R B ZR AT & a7 2. SCER[69]52 H T 7E b3 [X
Sl T SR T AR T 1 B MR AR B, IR 28 T PR XA Y (R,
FH T DeCAF [MIRFERHEFIE T AL EAE B o AT E i@ T — T i B
BHFEEE, FHrh G BALE RIS 8 DU R R B R . AR5, (R ix e
S ity PEBORT 1 B 5 A7 R RS R AT N, e AR 8 15 5 S 1) e B AR O
PR, A R T AL E T ST — SRR T I AR X TR, ik
FEAH R AT AR, R LA A OE B B AR 2588 . STRR[70)42 H T
— AN R ARDR A SR A B TR B S BRI B AR SCER[7I4R T
—FPZAEZ 1 CNN, A& B FIRR B E BT . SCRR[721K CNN 51§
L4 (Recurrent Neural Network, RNN) &5 A7 R 1R B W 4 T 12 o Ik
Ah, SCHRI7T3MRH T — N EMRN RS, ZRGOEHAFEIY: AT EIGE
B2 S B = e A M2 M T BB R R B BT AR A = M 2% . 257EZk (Online)
B, AR R A, KA B KL GPS 5 TE B P B £
PG EEBEAT UL . X SURFF AT SRR, RS E it R RSN B S0 f5 BAT )
TR BB

2.5 Ihgg

AT DY AN R ) 45 FE 4 T 1 3 1 8 i BB AR5 04 B 9 At ST BILIR o B TR
FEEESI R R, V20 SEIR R W] CNIN S B TR BERFAIE LU A% S T A AL S B A
BITE A, BT K2 Hof dh BB AR B 105 A8 2 S H) NN L B3R U 5K B 5
FIRLE RS AL F R AR, (H R ISR AR 3eAT B S B R dh R B B 10Rs al, HE
I B BN BAT R S 181G J= . i B R B JL RIS S 5 bAh, — o
W ARSI B i BB A B IEE S, L. el &7 AL B A5

13



BT RRHE B & SR BARR JER T

SR LA RAR W], SIN R dh BRI & P15 2 BE AN [RIAIL A AR B Rt IR £ bt »
I B A E bt R DR 2 TAMY, DR RE SR i bt R R B P RE . BEE TR
FEEE ST R IR I SRR AE A N OUSAT BN A, — 280 78 TARSE T R ke il
LAY LR, R)FIET CNN SRECEY) B S RAE AT & BRI . 1205
FABMER T RMEBETERERELR, TG RMXEEHT IR, N
M3 IR A TERE . BEAREE T A e U6 e iR A PR RE, (B /5 2K R FAHE Y
NRRTE, i ELAS U 50925 75 2 5 2 F I [ AR R B o

14
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£ 3E MEZRESVARIN R REHIRA

KB W FC TAF EHEAE ] CNN SRR 5K B i B R AL R IR 2EAT R,
EEMATTEN AT 5 S BBk R B S Rr s, DILIRBIVERE I ANERAR . BEAN, AR
W7 LA S B0k 51N BB I B A5 2] AR ey R R e« DRI RAE A
B, X E AR EE A SR, FINMATREGRREMER, T M2 R
JE 2 MR AR R & TR R BEAT B BRI

3.1 (AR5

A BRI — BB IR 10 OB 5 B2 B AT S ol M (R AL B 2R AL
2, B BRI R R R IS, BONBLUR LR, ik B R R
BIIFEA e (1) 5—BRRBIANE, V2 KRB isa R H T
R A2 AR R ANZE A o EATEH 2 AERITEL A, JFHAESFHEEMER .
Ut FRHERAAIR B 5 AN E R R d R IRBIESS . BULA IR ARk, B
ANSCHR[341 R T B A Rl e b duRe 22 () HES i it R, dn = EL S5 (43
n, R, (2) &bt B BRI R LR VR AR BRI . diPRLEE B
TR I B A2 3R B I AR [ € 1 S, ISR . (B, [ #3E X
A AEVE 2 R B il B IR . DRk, AR M I8 I 30 A AR P VR 7 7
MR B GERIE XE R . (3) Bt EBERAEFI LA, FIaAE L
i1, WEFATELAIE . AT & dh BRI 1075 15— BT A6 CNN ELaE B SR &
i BB P SR BEARFALE (B 2 LT A B ORI RO PERE 2 LU ZE . D8 CNN
R el R AR AL B BAT /N AR I AR

i EEATELRANEMER, SRR TR E IR, '
BRI AR T B SRR EE, K, PR EMEEE AT &
an BRI B T EEMEIR AL, CNN & R & S iE SO A PR A0 R
L3 7T AAAN 5] R4 A AR EE $ it ELAMYEAS B o I SRR IX = PR A R ik il & 2
i, WA UK AT REM AN B B R SRR UE 2. BeAh, RUE R RIE
ARILH R RS EHES], HRBRATA DR R AR RN Patch, 28R EA 1R
B E RIERRAER R X275 1) LUK Patch R ik WHLRLIEE R i & 21
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AR R, BRI E TR & A B 0 1 R XI5 B . T H., 2 R
TR AR B I &tk . 5 IR RIX LR 3R, ASCIRHE T — U T BB R
B2 RE Z A RERL A (MSMVEA) J5ik, Hirb 240 Bk A A 2R 4
fiEo 25 ISRVl AR B2 (B 7 2, DR AR SO o A F S Y (1
FAER T 2 RERE G 7510 BoRURLRE O R B ok &t BRI IR 142 )R
7 (AT Sy, T SEA0AE 2 1 ELAG) RUBE T DA 3R 31 6 7 U K B8 22 Ja) S 4hs 435
PRI, AR R SRR T B i R LT AR T BN & 4 o JE TR AR R T 2
RIEFRIR, MSMVFA A] LAt — B4 i 215 SURFIE, 2 R PR AR 2 A0 0
AERE G — RFIE R R o IX =SSR A ARFAE 7] LLAAS [F] AR A R R & MR
PRI, R HOARFAE 7T DL S K RT RE A IR IR OB R o A SO T e b4 15 B i
CNN SRHEHUH 2 @ VERFAE, FEHIE BB 1) CNN AL e 218 SURFEANR )2
P ARFALE o

3.2 tEENGI NI

AR ITIAE ] T IO R . 5, ASCIEE K B 15 SURHE, T2
JEERFAE AR Z AN SE R AE R & R — AORFE R o [F) 8T PR RPALE AAAN [ B B2
R i MR o R, il (R RRALE T DA SR K AT e A 3R £ ot PR 103 S S L
55— AR AN ], B it BB B A 2 R I H SRR (¥ 23 (R A0 =) o O T TR A il
RSO SEAY IRRFE 225 22 RS Rl 5 SR 3145 B e AT 1 ME R ARFAE O« 1K
T 22 REERAE R 7R AL B 3 B XK R AE 10 HLX AT AR T AN BURR

WNE 3.1 s, 4EANEIE, MSMVFA ftts SR EUREl & A &R L R
JERAN[RDRLEE B =M R AURFE . X T1% 7758, MSMVFA H | N1 IR R A %
FERZE LS, RIEA IREE RIS 2 . AT AfSE FATAef—FP A 1) =90 CNN 1B
A 28 RO IR 2 TR LRl 4%, 51140 VGG, ResNet Fil DenseNet W45, Ji i 2K
AW, AT DASR I T oA DL BA 2 RS S G B0 IR E I RFAE «
T AR REYERHE, AP EME R, B8 T EMME L2 RETT
AARIP 2B ERFE . 5B S SRAAHLL, M5S0 & ] DU Rl E % -
fid e Eg . B, 52 RE XA, BRI 4 T AR ) R 0 X 3
R B YERHE . X T RIS RURHE, SR JE i 2 R Rl& 177 ARt a ok B AR R
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B3 E A REZUARIER & &

FEHRE o X =R SR B S 4R E3E— P 10—k, @ 2 AR & T
R & R AR E R~ . &5, XS IEL R Softmax 702K 283k & A
BARA . ELLREATH, A SR 48 MSMVFA 1 A Al

S REVERERE

10-00000 BANHEREAE
— 5Rl§ﬂ1ﬁ — Enl
.| 11 9-0000 AL
o1 96608 *ooo# o
£ RERREUE —
BA IR UHE
v\m__—‘_‘ Al ) o
s PREBE — o oo gge LML SAANE o
prs | [ EREREMMRE 'y
it A NIRRT
' < e teses — BREME — T
2] JUU# —‘

& 3.1 MSMVFA HRIHESR
Figure 3.1 Framework of Multi-Scale Multi-View Feature Aggregation

3.2.1 ZUAHIEME

3.2.1.1 hERMIHE

SR JE T AR EE R, S HL R T AN e e T R B A B
AR R B i KAME BT Re A 2 LgH T & dm il . BaEBRaEE AN E
MEE, W2 BMe DR R EEGIREE. Bk, 2 TaMER
A LA R £ il UG SR AL T R AL B (AR AR R 7R

T ARAFXAE I PR B R R, AR SORAZ R T — AN M I 2% SR AR I A
FRAER 7N o A LR AN [ 2R Y 3R B2 s e R 4%, 4510 in PANDA [82] AT 2% Bk
CNN[83]. PANDA 455 1T NS FHE CNN K@ T, & 5% i
DX A AT 8 AL, AR 5 TR 0 DX Al R AT T M T . SBR b, 7EIX 6 e
W2, AR 2% ] DL B A 2 AR M BAE IR BRI CNN, R )5
Rl BT 1 8 TR AR ASON B8 — IR IE 2R « BRI, A ST 77 122680 T PANDA,
{HIX 5 7E T PANDA 15 J6 Rl & BT A HoBl R RHE, SR 5 4 Al & (R AR S\ 2
G RARKAAT B 2]

PSS — AN R, B sk, Tl ad e, w1 306K B =i

JEYES A a=(at...am, ..aM). b M AR BA B L A5
am™ € [0,1ERZEm DM TR, KR LUET Sigmoid M

1

S
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Horr, fORBIIE BN R A IR RHE

Bl R B R PR o] LS 2 bR R84y 8 WA FH A SOOI 2k R HOR AR
WEA MWL, (E BB FRE RS, BRI E RN

Ly =-YM_ (a™log(@™) + (1 — a™)log (1 — a™)) (3.2)

Horr, am#Bon ZAAMIIARZE (0 7R a1 BUR B 57 BB Kb A& % e,
1 R 2907 B B4 70 R X P 5% 8 d) . @i &M, v LLE EI S
AL Zea™ . AP AL H AR AT L i/, HoAE 2 1k Bp Tl il
amAE T B AR R a™ . I BRI ZE, W RUE I A B AR A e =
@t ..., am, ...aM) 4 2 JE UL .

3.2.1.2 SEEBNYHIE

LA CNN Ay S il R 2 £ oot 2R 310 D90 2%, 2 (1 At D99 2% W DO A £ L) CNIN
45y, il VGG, ResNet Fl DenseNet W45, FIE A4 0 26 A [7] () 42 5 51 o9 28
FH bR S 25 BB A CNN. I I 2% B 5 — 2 8 1 8 O r A (3R
FIREZR 73 A7), BB RN 1042 52 15 SUE B8 MCR TR UITZE— A CNN,
LR B TSR BE URRT T (R Y, T SR FH IS 2 ST I AR, i FH7E ImageNet
TN IR 1o 22 I 28 Z JOR M AR A A SCIR R0 X 45 o O 1 3R 15 5 2 15 SURFE
TR AR 2 B 1) CNN. 7E2R 5 I 2% 1, CNN I8 {8 Softmax B& 0%
i 5 — By

ed(xc)

Y = 3¢ coe0 (3.3)
Hor, CRREIRERMNMEE, cRRBANRG, gOFRRMISIN ML R4
RFIE o

B J ) FH B it SR ) 1) TRUIU AR 2 5 T S SRR 25 14 28 SUIRs SR AT AL BEA P %
R BENLER B N Bk B S8, E =AML B AR

L = -3, ylog () (3.4)

s AR AL B b5 R A3 LR /)N, HAE A2 1L TN I B A 920 46 T L SE A 2y
2 S R R 9 255, L3 I 2 A Ak E B LE S /N B, ST () 2 0 2 o A9 =
@ .96, O BEEEE SURHIE, CRoRIN 2 RAEL.

18



3 E e RUEZARHIE R & i BB

3.2.1.3 FREMTTIHE

SE I 2 20 e 22 X 4% R AL T K R AR SR B BRI, BR T
JEAE SURFE, A SCHEHUEE VT 4 2 BORFAE A/ E R AL R, B n VGG-16
2 fe7 JZ 1 4096 4EREAE . IRZAUSEAEAE T AR OR R = (Y, ..., hY, . RP),
T DR IR RFAE4E L

B IA R HAFIE S, KRG NS — B IER R o 25 B B AS [F) AL
I HME S AR, FrPUE e IR AR AT I3 — 4, AR e BEAT R AR &

F = Agg(Norm(a), Norm($), Norm(h) (3.5)
Norm()s& H—4b#4E, b L2 IH—14k, Z-score IH—1b. Agg()seRFEfl& /5

2o PR R ) B SR A B A IS 22 R 4%

3.2.2 ZREHIME

AR AL (R REAELE AN [R] oAl ROBE 8O TE 4 4l i, AR SCAE 35 W] RE 2 FE 3L
ANERUE T SR B ) M ) Hh B B RAE . S3 4, W2 SR i BRI
B 2 14 2 (R0 AT R o B P S AL PR R AL 32 % P LU A9 RORE JEAT il 5 A1 72 80 e L ) A 11
— PV T L, R I A AR SR 1 2 R Rl U7 vE CIE BTE 3 5 Ui,
PG A R A0 G S5 AT 55 o 2 T T R 3o 1 — Ml 207572 (85, 86, 871«

T REA SR BRAAE, P LCR A 2 RO CNN SREEIUREAS RZHIRHE, 2
J5 ¥ AN R RO 6] — AR Rl & IR — MR AE R s o AP 2 B YRR 9], L=1 R
FEGR A ER, 1 L=2 AAERLEUEB 4 4 Patch, L=N AR M2 4k 1
RE TR NREL #NG— DM 270 E B E. 5t
T L=1 FIRE, HEKEGMAZI G, T L=2 MR, K—kE&
[¥] 4 4~ Patch SN B G 2%, 43 HIHRICEE Patch 1J& PEARFE, K516 H
B RMAG I 7 20K 4 A Patch FIRFIER R B — Tk MG IIARFIER R . &, AILL
19 3 A7) RUBE 1 JE VERFAE{a, )=, -

[FEE, X B0 SR E AR E AL R AL, IR 2 RE: L=1 A
Bk A i R, M L=2 fRRSREUEME ) 4 4 Patch, L=N Q3R & 400 R
JEo X TR RE L, #IZR— A0 4 f 2% 5 3R Bl 2 15 SCRFEANR 2
MBRFAE . KT L=1 M RBE, A SO B R BRI KA L . XFT L=2 1
REE, #—5K BRI 4 A Patch AN BIZKAI M L5, 232 HUCEEAS Patch )&
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VERFAE, A58 FR AL 97 4 4 A Patch IRV GE 2277 B — ik LR IR
For o B2, UM BN R R 8 298 SURIE(D, Y FIR B RS R AE (R,

3.2.3 ZREZMNABFIIME

A RS ECSE , 8 AT DA 0l 6h R = R S AR AR 1 5 AN ROBERRAE 34T
Z RIEERE, RE19 3 =F 2 RIERE 5 RFHE. =MRBRER 2 RE L&
7] AR B Fus ({8, o)~ Fus(u o)~ Fus({h,))_ ). BEHRAE Fus()ml LU i
B PR HR O B TR 22 O 2% BRAE S 72 SEBR AR v m] DASR T B 1) R o U7 AU AT
ARRERPEE . 2d 2 REBES S, 77U 2 REBE G RRHIE. £
SCHTTET, A =R ERRE, B DGR 2 A RS 7 3, BeT LS B —ak
R IRFE R 7~ . Z A ARG AT LR R B :

F = Agg(Norm(Fus({@, }}_,)), Norm(Fus ({9, }},)), Norm(Fus({h,}_)) (3.6)
Norm()s& H—4b#4E, b L2 IH—14k, Z-score IH—1b. Agg() & RF1E fil &
B, EEan fi B4 1) B3 3% B B It Rh 22 I 2%

TR —RfhE, AT T 2 REEFER S, fa AR R E & &
BN VE AR, IF BT DU N LA AR T o T30 Z2mil G, ARG =Fh
ANF R HRAAE, DL K AT BEHBA 3R & b MR 1S SURFIE . DRI, ASSTHR H T
g4 Rl MSMVFA & A & & 1.

FEMRART B, B TN EE & T A R RS R Softmax 7328
A AT SR, g — RIS, B SRSRAS 0 ) 2 S8 PR, TR A v = 1
SCRFERTAR Z I GERRE, SR 5 I8 MSMVFEA 41X B AN [R] R Y ()RR AE Al o B
KPRHER R . Beha, WERE FIRHERI N 2] 50 REE PSR NS R . A TG S:
SEUG R HEAT AT EO R, TR A SR Softmax 432K 38 %) fi & Rl A R IR o 34T

K.
3.2.4 Hf

MSMVFA (L AT LIPS JT ISR AS . & 5%, MSMVEA f] DAFEAN[A] () &
55 PR AFRBARFAE. S0 E 9 CNN AT B3R i i 218 SCRAE AR E AU
PEFFAE, TR MBI CNN AT S AR L 1R o J2 & PR AR . AN R £ JEEAT

FiFERE, EARTANYT. X, MSMVFA T LARZEA AN [F H i RO 54 )
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PEEUE X . X S XS AE O R RIGE R ) fhA7E—ig, Binl PAiokn]
REHB AL S A MEAS B o S 4h, XFER Rl & R AE 0 m] DAXT L AR] A2 2 B i » A1 it
MSMVFA ] f & -G R /& B A B ANME R 5014 )

3.3 SWIUES R

3.3.1 SKIOHE

ETH Food-101[13]52&— ML & 10 1UR £ 5 F1101,0005K £ b BIE B85 5 .
ANA 11,0005 EME, Hp 87505k YIRS A250 7K MR MR . HHOCH 78[54]
BE— R T AL 1227 B €4

VireoFood-172[78] & 1720 1+ 110,2415K € i EUEFI3S3Fh & 44 . A T 52
RS, HBERAE IR FISCHR[78]—#F, TERF &I, AL
F60% . 10% . 30% HIEMEHEAT ISR, SAEANat.

ChineseFoodNet[84] {17 185,628 5K £ it B {& A1 208 b [H &t . BEAHd
X734 145,065, 20,253 A1 20,310 5KEIME, 205 Tk, KR, (H
&, ARSI AR AR AR (S B Ik, ASCEIRUFES AR 4
20% (4,050 FEIRIUESE, HA 80% (16,503) FMEMNREE . ZEdEEA S
KHEIEMAE B % EEH ChineseFoodNet I VireoFood-172 #BJ& T+ [E 5, ASCfd
FI2K H VireoFood-172 (W& M 5 RAEAZEFE LI B .

B 3.2 JEoR TIX =AU — et BRI, FRATTATLAE F], VireoFood-

172 #1 ChineseFoodNet & 2R A H HE,

A HitE S AT g 1

Et. i Shredded cabbage. IX 7&K 4iX

Chicken_wings

ETH Food-101

French_fries

pepper,Cayen
ne pepper,Oil

Risotto

Butter,Cheese

Hot and sour

hot and dry chili,
Shredded potato

Deep-Fried  Shredded cabbage

Parsleycoriander,
Stinky tofu

ChineseFoodNet

Pig ears Fried Tofu Shredded cabbage
potato silk Fermented Tofu
®i R B L8 Rt ®it:
Chicken,Soy, Potato,Flour, Oil,Arborio Shredded Crushed Crushed hot and
Garlic,Sugar Salt,Black rice,Risotto,Broth,| Pepper,Crushed  pepper,Chinese  dry chili,Cabbage

B 3.2 =MEEE R & E GRS

Figure 3.2 Some food examples from three datasets
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3.3.2 FMEHR

AR AE F Top-181Top-5 73 RAEM R AE NVEAN fa b . Top-143 FRUERI R R R
I AR s AT AR B PRI FR 25 R0 ) B 7 B . Top-573 FHEM F R I8 BSR4
FEHEA BT SALH TR AR 2 b B BHR BT 5 A 20 B Ry 2 Tt 58 AR &R H
Top-1F1Top-573FAEMIZE, N T AFEXTHE, AR Top-1/1Top-57r FEUEM FAE
NPT R FF o

3.3.3 LAY

VGG. ResNet F1 DenseNet /24 & 417 =Fi LA 9T CNN 45t v 175
E MSMVFA [ B ER SR, A SCHE: T IX = FhREfili CNN AT HEOCSES . 18
L, AT VGG-16. ResNet-152 il DenseNet-161 4% 2445 MSMVFA 3
M4 . VGG-16 W28 HIA] 4R 5% 21 R ¥ B Jy 0.0001, 1M ResNet-152 [ £% Al
DenseNet-161 W% 14)4H2% ] R E 9 0.001. 7EHIMSFI MWL b, 53]
REAE 10 MEAHEFELL 100 VGG-16+ ResNet-152 1 DenseNet-161 P45 it &

(Batch Size) 73 7l ¥ E N 48 8 Al 8. BRI ALl 25 30 /N 1. XF T VireoFood-

172 #1 ChineseFoodNet H#i 48, A SCIEFRIGIUELE | Top-1 73 FHERA H d o A2
FIRM. 1 ETH Food-101 $¥ S5 A SR I0IEEE , A SCE R ZRA K bR BOA
AL BRI . B CNN #EH] 0.9 B35 (Momentum) A1 0.0001 ]
U 3k, H HLASE FH BEALBG T B2 AT A I 4544k « A SCHE Nvidia GPU Titan
X EAEH Caffe YIZRf A7 CNN. SR AYHEE ImageNet E#EAT T Fililll k.

ARSI, KA =MORERE L1, L2, L3, L1 XM T4/ 256x256 K
8, L2 XFRiT 128x128 ¥ Patch, L3 X T 64x64 [f] Patch. L1 R, &
O H B Rk GO B AR AT MO . X L2 B, —3kIE{% 5~ 4 4 Patch,
X L8 Patch AR E & KA MRS . ARSCHITA Patch 2 M {E 3
256x256 K/PNRAIARAL . L3 R KA FER SIS . %12 REZREE FusOM
ZARE Agg(), AR SCISR T B 00 R B AE . T HR ) oK it Ak AT AN TR
Patch [RRFIEREG . OB AT DL P H A RBE SR BURIRFAE R & 7572, (BAE AR T 7
TCAE R R BRI BT OV A R

X TR ESEAFE , A2 VGG-16 45 (1] FC7 JZ H $2 L 4096 4ERFIEFRFE,
M ResNet-152 P& 2L 2048 4EHFME, M DenseNet-161 W25 R HL 2208 4E4F
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ik o ARSI W 4 v S R A T 2 1 v JE 8 SCRFAE o [RIAE, A SCACET A
[P0 2 3 B A T /2 1 o 2 T PEARFAL

3.3.4 MEREDHR

3.3.4.1 ETH Food-101 BYMERES #T

FEANTT Y, ARSCE et 2 RERHIERE S AT PERE LU, SR X 2 AR AIE
RIS AT IERE LA . 5, ASCK S s BOR AT VERE B

Z REBRER A PERS ELE . 35 3.1 3K 3.9 43l 78 VGG-16.ResNet-152,
DenseNet-161 4% £5#)/E ETH Food-101 ¥4 45 EXHR ZARASAE . 2 8
IEMEEE SURFIEA R R EREG S R . RATTULER (D N TF8R—RE, 1£
P = Fh BB 25 b, L2 R 128x128 (¥ Patch 75 = Fp 2R HURRE b i e 45
PET L1 A1 L3 REE. R AR Y (R AEAE AN [R] EU RS R ROR BB, 25%
A EMGERAERT, 5 L1 A L3 fHEL, L2 ATREA & E LR M E . RRE
FIREAL AT 2 5, T L3 R WAL & A SE B 1 AP RIR JE S RFE . (2) TERR
3.1 B3 3.3 Hr, RTRrAXR MR ERE, RZEUE LT PR RURE (8] )
GRS TN R . FE=FRARHE S, T = AR & —21E Top-1
Iy RUERA R LIS B AETERE . 245K 3.4 25K 3.9 HR AR CNN I, 7] LUE 2
KRS o PR P LRSS a8 T = AN [F R A ) BLAME . R, 3RATTA]
DR RSG50, 2 RIERE T AR altERe. (3) ERX=MEME CNN 1,
DenseNet [ )2 REZ & REfm, +&FJ9 DenseNet $#H | — AN BT 0k ) %5 4
TR RVEMERTA WE, BRI GANZE 8 a2 Harmprg 21E
YRR NIOE TN
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£3.1 VGG-16 REMIHFMEL RERA7TE ETH Food-101 &R (%)
Table 3.1 The performance comparison of different combinations of scales for deep visual

features on the ETH Food-101 using VGG-16 (%)

Jrik HeJE Top-1 73 HAEHH Top-5 73 FHER 5

L1 4,096 78.76 94.19

L2 4,096 84.73 96.47

L3 4,096 83.03 96.03
L1+L2 8,192 83.26 96.02
L1+L3 8,192 81.34 95.31
L2+L3 8,192 83.95 96.27
L1+L2+L3 12,288 85.89 96.98

3.2 VGG-16 HEBHIFMELZ RERATE ETH Food-101 BHEERHERE (%)

Table 3.2 The performance comparison of different combinations of scales for mid-level

attribute features on the ETH Food-101 using VGG-16 (%)

Jrik 1 Top-1 73 HHMEHH Top-5 73 HAMEH

L1 227 77.67 88.65

L2 227 76.32 91.32

L3 227 74.97 92.27
L1+L2 454 78.50 90.06
L1+L3 454 76.61 88.42
L2+L3 454 75.80 90.09
L1+L2+L3 681 78.60 90.36

£3.3 VGG-16 B EE UL RERATE ETH Food-101 BIEERHEEE (%)

Table 3.3 The performance comparison of different combinations of scales for high-level

semantic features on the ETH Food-101 using VGG-16 (%)

Jrik U Top-1 73 HEH Top-5 73 HAEH

L1 101 78.38 94.07

L2 101 81.08 95.38
L3 101 76.66 94.18
L1+L2 202 84.37 96.38
L1+L3 202 82.54 95.75
L2+L3 202 81.83 95.56
L1+L2+L3 303 84.94 96.68
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£ 3.4 ResNet-152 FEMREIFMELZ RERESTE ETH Food-101 BHEE KR (%)

Table 3.4 The performance comparison of different combinations of scales for deep visual

features on the ETH Food-101 using ResNet-152 (%)

Jrik HeJE Top-1 73 HAEH Top-5 73 HAEHH =

L1 2,048 83.61 95.72

L2 2,048 87.02 97.13

L3 2,048 82.71 95.32
L1+L2 4,096 88.39 97.70
L1+L3 4,096 86.07 96.85
L2+L3 4,096 88.15 97.39
L1+L2+L3 6,144 89.00 97.86

3.5 ResNet-152 HERBHFFEL REMATE ETH Food-101 BHEEMMERE (%)

Table 3.5 The performance comparison of different combinations of scales for mid-level

attribute features on the ETH Food-101 using ResNet-152 (%)

Jrik U Top-1 73 SHHEH 3 Top-5 73 HHMER 3

L1 227 80.42 90.23

L2 227 83.37 94.76

L3 227 76.88 92.99
L1+L2 454 82.71 92.40
L1+L3 454 82.00 92.05
L2+L3 454 82.82 94.36
L1+L2+L3 681 83.81 95.70

% 3.6 ResNet-152 B EE UFMELZ RERETE ETH Food-101 BHEE KR (%)

Table 3.6 The performance comparison of different combinations of scales for high-level

semantic features on the ETH Food-101 using ResNet-152 (%)

Jrik U Top-1 7pSHERIH  Top-5 73 HRHERHR

L1 101 83.41 95.67

L2 101 82.86 95.74

L3 101 76.68 93.17
L1+L2 202 88.08 97.53
L1+L3 202 87.36 97.22
L2+L3 202 85.80 96.56
L1+L2+L3 303 89.05 97.79
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& 3.7 DenseNet-161 ZREMHFHEL RERA7E ETH Food-101 HIEEMERE (%)

Table 3.7 The performance comparison of different combinations of scales for deep visual

featureson on the ETH Food-101 using DenseNet-161 (%)

Jrik HEJE Top-1 73 FAEH Top-5 73 HAEH =

L1 2,208 86.94 97.03

L2 2,208 89.08 97.91

L3 2,208 85.93 96.95
L1+L2 4,416 89.57 97.94
L1+L3 4,416 88.64 97.69
L2+L3 4,416 90.04 98.11
L1+L2+L3 6,624 90.14 98.11

# 3.8 DenseNet-161 FEBIFHEL REZMSTE ETH Food-101 BARELAIMERE (%)
Table 3.8 The performance comparison of different combinations of scales for mid-level
attribute features on the ETH Food-101 using DenseNet-161 (%)

Jrik U Top-1 73 HHEH Top-5 73 HAEH =

L1 227 82.84 93.30

L2 227 84.50 95.30

L3 227 78.10 93.98
L1+L2 454 84.88 94.82
L1+L3 454 83.57 94.06
L2+L3 454 83.74 95.04
L1+L2+L3 681 84.89 94.83

3.9 DenseNet-161 FE1E X FHEL RERA7E ETH Food-101 HI/BEMERE (%)

Table 3.9 The performance comparison of different combinations of scales for high-level

semantic features on the ETH Food-101 using DenseNet-161 (%)

Jrik U Top-1 73 HEH Top-5 73 HAEH

L1 101 86.66 96.89

L2 101 86.28 97.36

L3 101 82.16 96.15
L1+L2 202 88.76 97.79
L1+L3 202 88.28 97.50
L2+L3 202 86.10 97.31
L1+L2+L3 303 89.32 97.94
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ZUARER SRR L. A g, R 7 = MR RFE, RIIR
JERLGERFE, PR R YRR i E 15 RFE . 3R 3.10 23 3.12 R T EAFM
AR N AFBHE Z M A A 5 R, Kb FL B8 BA 2 RERMA 1IRE
MAEHRFAE. F2 F1 F3 435 3m B 2 REERLG 10 o 2 @ MERFAE AN & 208 SCRFE .
% S8 B [F) R A R E AN R BUEVE FE Y, A e vt B A R RURHEEAT 13— 4L,
SRIEREAN B R FEARSCSEER T, KRR SR AY K RAAE AR )T — (L [0, 171X 1H],
SRIEEH z-score JiEATIH—M. MR 3.10 X 3.2, WLEH (D XT
X =AM 2%, PR B =P 2 AR Rl A P 1 Rl 0 L — S R F 1
B T = RS RV 83 56— AE Top-1 A1 Top-5 73 kR R ik Bl EPERE
PRItk wTDAAR S50, AR B RAE T LAMCAS IR AR f SRt i & R, DR
SO A RFAE SR AR BAMPY . (2) X T A = MR CNN, i i 2% il 5 3%
9 (RRFAE P B 390 T8 0 2 ROBE Rk & SR AR IO RFAEPE BB o 3 IE B A SC P 2 110
MSMVFA i# i P 2 fil A ) LASRAS B AF 1 R - (DX T = Fh 284 ) CNN, DenseNet-
161 M%& 1% REZ AR ER A YRR Nk, 78 HAb AR S 10 se it i,
A 30K DenseNet-161 P4 FIAE 3 4b A Hidfs 5 VireoFood-172 #1 ChineseFoodNet
(¥ SRt 9 265

£3.10 VGG-16 ZMARERMATE ETH Food-101 $EAERIMERE (%)
Table 3.10 Comparison of Top-1 and Top-5 accuracy from multi-view feature aggregation
under VGG-16 network architecture on ETH Food-101 (%)

Jrik HeJE Top-1 7rJSHERIAR  Top-5 73 FRHERHR

F1 12,288 85.89 96.97

F2 681 78.60 90.36

F3 303 84.94 96.68
F1+F2 12,969 87.66 97.43
F1+F3 12,591 87.41 97.33
F2+F3 984 84.30 95.88
F1+F2+F3 13,272 87.68 97.45
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#3.11 ResNet-152 ZUMARHMERS7E ETH Food-101 $UiERHIMERE (%)
Table 3.11 Comparison of Top-1 and Top-5 accuracy from multi-view feature aggregation

under ResNet-152 network architecture on ETH Food-101 (%)

Jrik HeJE Top-1 7pEHERIH  Top-5 73 FHERH

F1 6,144 89.00 97.85

F2 681 83.81 95.70

F3 303 89.05 97.79
F1+F2 6,825 90.36 98.12
F1+F3 6,447 89.80 98.00
F2+F3 984 89.15 97.99
F1+F2+F3 7,128 90.37 98.15

# 3.12 DenseNet-161 ZAUARHERAFE ETH Food-101 BiELMMERE (%)
Table 3.12 Comparison of Top-1 and Top-5 accuracy from multi-view feature aggregation

under DenseNet-161 network architecture on ETH Food-101 (%)

Jrik HeJE Top-1 73 HAEHH Top-5 73 HAEH =

F1 6,624 90.14 98.11

F2 681 84.89 94.83

F3 303 89.32 97.94
F1+F2 7,305 90.51 98.17
F1+F3 6,927 90.57 98.19
F2+F3 984 89.54 98.02
F1+F2+F3 7,608 90.59 98.25

EEHEARERER. A SMARHBARBITIERILE. £ 3.13 BT
PLE J7 A MSMVFA /£ ETH Food-101 %4 FHERELLE . % 3.13 BT
AlexNet, Inception V3, ResNet-200 1 WRN Z5AN[H] (] CNN 1:fg. M 3.13 1,
BATATLE S| (1) WRN FIPEREAR T H AR CNN. (2) WISeR [34]38 i 14 in iy
AU B Z V)R 5y 3R 20 WRN PERE, 1% W28 7T LU 3 i B8R o
(i B A5 o B b AN 20 S 3R AT B Ul (3D i ResNet W45,
MSMVFA (ResNet) 7t Top-1 732 H#ERi % LT WISeR fIPERE. 242K A DenseNet
P25, MSMVFA {E Top-1 73 2K#EfZ ik Bl AFERE, JFHEETTNE MR
BB WISeR PIZRSE Top-1 7 JHEMIZR L EREIRE 03% .. RE MR

o>

Zo

28



3 E e RUEZARHIE R & i BB

9, {2 MSMVFA {J5ik £ Top-1 7> FEHER R KR I B i iR AIPERE . S8 45 RIS IE
T ASCHTHE MSMVFA J5 75104 301

#3.13 MSMVFA 7E ETH Food-101 BEERHEEE (%)
Table 3.13 Comparison of our model and state-of-the-art methods on ETH Food-101 (%)

VARl Top-1 7 2RMEMER  Top-5 73 JSUERHGR
AlexNet-CNN[13] 56.40 -
DCNN-FOODJ[27] 70.41 -

DeepFood[79] 77.40 93.70
FCAN[80] 86.50 -
CurriculumNet[81] 87.30 -
Inception V3[29] 88.28 96.88
ResNet-200[31] 88.38 97.85
DenseNet-161[63] 86.94 97.03
WRN[34] 88.72 97.92
WISeR[34] 90.27 98.71
MSMVFA(ResNet-152) 90.37 98.15
MSMVFA(DenseNet-161) 90.59 98.25

3.3.4.2 VireoFood-172 #1 ChineseFoodNet BT BE 534

% 3.14 2% 3.16 JE/” T DenseNet-161 P4 1E VireoFood-172 $i#i4E 2 R
FERFAE A FIR B HERA 2 . A ETH Food-101 /R[H], VireoFood-172 ¥#54E )& T+
[E5¢. a5k 3.14 £5% 3.16 fiax, X TRMRMARE, 55 REE s S R Rl
AAREL, SRR E R 1R & AR Top-1 A1 Top-5 73 8HER R _HIIE R T f 1T
MERE. % 3.19 £3£ 3.21 B/ T ChineseFoodNet 1122 ] B RFAE il IR AT 2
ChineseFoodNet ] 28 7l Al #% 4 % & £ T VireoFood-172 #(#& % . 1 T
ChineseFoodNet A &Mt F 5 E, PlUILASCE#EM VireoFood-172 HE & ¥ 44
45 R SR BB REAE . FRATTRT LLFR IR B, R BT = AN R ROAREAE R B — 2 7E
Top-1 11 Top-5 73 FR e LIk B TERE .

% 3.17 M3E 3.22 43578 T 1E VireoFood-172 Hil ChineseFoodNet #1414
& F RS IS S5 . £E VireoFood-172 $id 4 b, fil & = RS AU S
PLT Top-1 43Uk 1 v BE
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% 3.14 DenseNet-161 IR EMRIFIEL REFRMATE VireoFood-172 BHEEKIERE (%)

Table 3.14 The performance comparison of different combinations of scales for deep visual

featureson on the VireoFood-172 using DenseNet-161 (%)

Jrik HeJE Top-1 7rJEHERIH  Top-5 /) KHEHFH

L1 2,208 87.40 97.25

L2 2,208 89.70 98.02

L3 2,208 83.86 96.02
L1+L2 4,416 89.96 98.10
L1+L3 4,416 88.63 97.67
L2+L3 4,416 90.23 98.14
L1+L2+L3 6,624 90.28 98.20

& 3.15 DenseNet-161 H ERIEFFIEL RERATE VireoFood-172 BHELRFIMERE (%)

Table 3.15 The performance comparison of different combinations of scales for mid-level

attribute features on the VireoFood-172 using DenseNet-161 (%)

Jrik HEJE Top-1 7pHERIA  Top-5 73 FHER=

L1 353 82.84 95.55

L2 353 83.15 96.35

L3 353 77.86 94.44
L1+L2 706 84.96 96.75
L1+L3 706 84.51 96.46
L2+L3 706 83.85 96.62
L1+L2+L3 1,059 85.87 97.13

% 3.16 DenseNet-161 FZE RFEL REFRMATE VireoFood-172 BHEEKIERE (%)

Table 3.16 The performance comparison of different combinations of scales for high-level

semantic features on the VireoFood-172 using DenseNet-161 (%)

Jrik 1 Top-1 7pEHERIA  Top-5 73 FHERH

L1 172 86.93 97.17

L2 172 87.53 97.53

L3 172 77.86 94.28
L1+L2 344 89.34 97.98
L1+L3 344 88.29 97.54
L2+L3 344 88.29 97.73
L1+L2+L3 516 89.75 98.08
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& 3.17 DenseNet-161 ZRAKFER A TE VireoFood-172 FHEE KR (%)

Table 3.17 Comparison of Top-1 and Top-5 accuracy from multi-view feature aggregation

under DenseNet-161 network architecture on VireoFood-172 (%)

Jrik HeJE Top-1 7rSHERIH  Top-5 73 HRHERHR
F1 6,624 90.28 98.20
F2 1,059 85.87 97.13
F3 516 89.75 98.08
F1+F2 7,683 90.56 98.22
F1+F3 7,140 90.55 98.22
F2+F3 1,575 90.06 98.40
F1+F2+F3 8,199 90.61 98.31

2% 3.18 MSMVFA 7E VireoFood-172 $#BERHRE (%)

Table 3.18 Comparison of our model and state-of-the-art methods on VireoFood-172 (%)

WARrA Top-1 73 ZRUHERZR Top-5 73 2R HERR R
AlexNet 64.91 85.32
VGG-16 80.41 94.59
DenseNet-161 86.93 97.17
MultiTaskDCNN(VGG-16)[78] 82.06 95.88
MultiTaskDCNN(DenseNet-161)[78] 87.21 97.29
MSMVFA(DenseNet-161) 90.61 98.31

f£ ChineseFoodNet ™, fill & = MR AVRHIE KM RE 5 24 T Sl VERE AR ZE T8 ) Lo

FUNASC IR T VireoFood-172 €8 W 4% W RRFAE, TSR A (1 & A REAE ST T
ChineseFoodNet Jf A&, )5, 43CAE VireoFood-172 A1 ChineseFoodNet
¥ MSMVFA 53 Ah 77323047 L . 3% 3.18 FIER 3.23 43 il € /R T 1E VireoFood-
172 #1 ChineseFoodNet F [#iR 5145 8 . MultiTaskDCNN [78]4& — M Z4F 5% 31 )5
2%, BAMMERNEEZE, —MRENTNE, S—MEEMTINE. T2
SPEEE, ASCRIFESZIL T 3T DenseNet-161 4% ] MultiTaskDCNN fiiAS . 1%
3.18 iz, /R4 VireoFood-172 5 ETH Food-101 #HE&EG R KA, (H ]
FIARISE SR, B0AUE T AT IR A0 ek, [FIRE MSMVFA ik E) 7 itk fe. 16
# 3.23 1, ChineseFoodNet 7] DLVLZE 2 RAL ) SLIE 45 R
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%R 3.19 DenseNet-161 ZREMIAFIEL RERATE ChineseFoodNet HIEEKITERE (%)

Table 3.19 The performance comparison of different combinations of scales for deep visual

features on the ChineseFoodNet using DenseNet-161 (%)

Jrik HeJE Top-1 7rJEHERIH  Top-5 /) KHEHFH

L1 2,208 75.49 94.33

L2 2,208 81.11 96.60

L3 2,208 79.02 95.72
L1+L2 4,416 81.04 96.56
L1+L3 4,416 79.35 96.04
L2+L3 4,416 81.94 96.82
L1+L2+L3 6,624 81.96 96.92

%X 3.20 DenseNet-161 2B HFFEL RERATE ChineseFoodNet HIEEMMERE (%)

Table 3.20 The performance comparison of different combinations of scales for mid-level

attribute features on the ChineseFoodNet using DenseNet-161 (%)

Jrik HeJE Top-1 7pHERIH  Top-5 73 KHEHH

L1 353 63.56 88.44

L2 353 63.06 88.41

L3 353 59.00 85.72
L1+L2 706 66.03 90.36
L1+L3 706 66.01 90.23
L2+L3 706 64.09 89.10
L1+L2+L3 1,059 66.41 90.32

% 3.21 DenseNet-161 &2 AFEL RERATE ChineseFoodNet HIEEKITERE (%)

Table 3.21 The performance comparison of different combinations of scales for high-level

semantic features on the ChineseFoodNet using DenseNet-161 (%)

Jrik 1 Top-1 7pEHERIA  Top-5 73 FHERH

L1 172 75.22 93.97

L2 172 78.67 95.75

L3 172 75.17 96.07
L1+L2 344 79.07 95.87
L1+L3 344 77.26 95.31
L2+L3 344 78.28 95.78
L1+L2+L3 516 79.47 96.25
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% 3.22 DenseNet-161 ZAFFERE S 7E ChineseFoodNet FIEERIHERE (%)

Table 3.22 Comparison of Top-1 and Top-5 accuracy from multi-view feature aggregation

under DenseNet-161 network architecture on ChineseFoodNet (%)

Jrik; Y Top-1 7pEHERIA  Top-5 73 FHER=

F1 6,624 81.96 96.92

F2 1,059 66.41 90.32

F3 624 79.47 96.26
F1+F2 7,683 81.91 96.82
F1+F3 7,248 81.99 96.89
F2+F3 1,683 81.17 96.86
F1+F2+F3 8,307 81.94 96.94

2 3.23 MSMVFA #£ ChineseFoodNet FIEERKHRE (%)

Table 3.23 Comparison of our model and state-of-the-art methods on ChineseFoodNet (%)

WiRPA Top-1 73 ZRUHERZR Top-5 73R HERRR
DenseNet-121 78.07 95.42
DenseNet-161 78.87 95.80
DenseNet-201 79.05 95.79

DenseNet Fusion 80.47 96.26
MSMVFA(DenseNet-161) 81.94 96.94

3.3.5 itip

A% B4R R D7 A = SRR ORI et B B BB S TR R I B A
VeRE. (U, DARE — b i UG LA R SR . AN 31 T M i A 2
Hgs R, 22k DLk B HE LU ) 8 SR A

& 3.3 JE7n T MSMVFA 7 =l £ b &ANKHRIEHE . JATAT LA
B, WTHEA I, MSMVFA 5707584110 5T K 3.3 WEEH|— LR
BRI, B34t PR T =ANEEEE T SIRER R R AT
B By FITE AN AR AL, H A AN SAEE 5 7RI R £ i 2 1 I
AT S o FRATT AT B8 T BT BE N AIRL I A A SRR A SR AT & MR 1 iR
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(a) ETH Food-101 (b) VireoFood-172 (c) ChineseFoodNet

&l 3.3 MSMVFA =M RS L HREER
Figure 3.3 The detailed comparison over each individual food category for MSMVFA

via the confusion matrix

Chocolate ca Chocolate Deep fried  Fried chicken Lanzhou hand- Steamed Baby  Shredded
ke mousse Gheesecake chicken wings  drumsticks | Beef noodles pulled noodles Sour cabbage Cabbage cabbage
»“"‘!— \i . b
a 4 ,
-

(a) ETH Food-101 (b) VireoFood-172 (c) ChineseFoodNet

Bl 3.4 =AHERE IRE K EERE]

Figure 3.4 Some confused food categories from three datasets

3.4 NG

AERE T —H MSMVFA 75k R & & B0 . MSMVEA K& il Bl
FEM B FSUEBAGEAE R, w208 SURFIE, 2 8 PR AR JZ R0 s
ER & AR — IRFIERR 7R, AT B K AT e M R & ot LR IR U5 8L ik, il
XA AR AR AT 2 RS, MSMVFA REM% 2 > B 5 fin 5 KR H) 5 1
FRIRFAE SR AL 2 T UG U AR T o sl PR i, B AP A 20 R AR AR R AT
2 RERHERE, AR =PRI RE 2 (A BEAT Z A0 M s, MSMVFA w] DR
FEE 58K B8 XA PR AN R G PR IR RFAIE 2 R R AT R 52 2 A3 11 £ i R
KERIRLERELY, MSMVFA 1 Top-1 2 2RUEffi= LT = A E & i
R FTA L (Baseline) %,
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$4F ETHHRZIEENNZHRIEBRIAG

5 3 i, $RH T M MSMVFA JriE KR n & ik R, ERARAN I %
TS T [ E 1) Patch, 1XA™ Patch W RESEL & — @ MM E . KIBL, [EE R
Patch SRR 7R FIHIE K XA R S LR e . EAR T, ASCRHE I 95
7 2R GE AL R B DX Sskifis A2 A [ € Pateh Rge iR mi PEBE -

4.1 eS|

£ BRI T 4BRLEE R, e X 4 T B (I SRR T
5o FARPRIE 0 R ) SR SR IUEAT U A PR X SRR AE o IR AR 7 1K A
R RNME RIEE T, DA B 77 30U M B 2 ANE XL EE, BRI
PREEAN REAR LSS I B IS B o BRIL, 2R AIARZEYIZRI CNN Al figsE LA 3 R
A HAMERILIRLEE Y IX 35, T H AT R AN B 2 A X e 1 R s 777 e 4h,
PUAT (R 4IRLFEE UG AR LA [ 5 AR S 4y, o FLTE SGH oy 5 B ik 2 TR AE
IR IOC R AP, I )y 3 B A [E s 1A X3, (AT A1 X
PR RAHCR LA G ELM XSk, (H), Sixeeqnii i BEAMHLL, 2 RRme
dn B SR AENITE R, I FLIE I SR 1 2% ] 25 R AT 5 )i OB PRk, AR
e A FRIADRL E 7 1 AN B ) BEG rhl SRH v U B

il BRI R B S SR AL T — AN e, il (S ORI A e
S TE A UG AN IRDRUEE _E R AN 5] (138 DX 38, 36 6 ) 4% 7 AN [ L B2 17 B
B R DX SRR A R BN o DRI, R e DX IR AE T DA B A T
BHXMERRHER R . BTN, ARSCIRW T —Fh A48 5 K 2 71 5 0 P 5
(IG-CMAN) R SEILEr it BRI, 12057 2R DURDRLEE BN ANRLRE L 3 T- 2815
BAEAE B2 5507 N i G b3 3 2 A BRI X R385 R
BV B ) 7 M4 (Category-supervised Attention Sub-Network, CASN)HY, 1%
J7iEiE I 4 (B 4% (Spatial Transformer Network, STN) 42 i £ (k5 2475 515
BEIRIE X . SR 5 LAZ R 0 =) KO R, % STN AN R 1 12 M 45
(Long Short Term Memory, LSTM) £5& 423K, MULF JLANZ & B e
B )17 M4 (Ingredient-supervised Attention SubNetwork, TASN) HH& ¥/ & i B
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A YRLEE I 2 AEATE R I X8 N T BAIE 5V 1A Rk, A SR AAMAEE T ISIA
Food-200 ##E 4, H & Wikipedia 5138 1111 200 Fi . K47 200, 000 5K &
AR 319 Fi&hf. BT RS VEAN PR BT AN S BIL DL K S a6 45

4.2 ISIA Food-200 #IBEME

4% ISIA Food-200 ##lidE, ACHtAT 7 EAN YD

(1) HEBERLFEIIR. &ERIE Wikipedia T “ i bF 40 351 £ S B
KAV UR € )3, R P IR BEAR S SRV R il It B ket g TE HE A 11
i TR, e N R 3 520 A 2RI AT ) S i) B 2H DA SR A A 2%
IR I

(2) WERHER. MR aTIE, DIERPHEHE T HERER
B RLIE CHEE G G m BRSO “ a7 Mk E
SEOCHE T ORY e 20 LU OR AL R B G2 it R SRR R O B A R
B BT EA . O R R RGN BT S, ety
EEMEG . FASCHAT T By 25 H.

(3) FHEEMER. AT WD RIEEIEE: D HNEE. SRR
B3I 2B RN R TR G R ARG & i R, AR5 5 T 3A & ER
AR ImageNet b B EHG A — 7 B0 K B Sl B A2 & R . 2)
FLIEM, T HIEECENE R, ARSCHT T AN LiEEIARE, MR
EEUAFEE T 0 £ i AR

(4) BEBEFPEE. Wi N THERMN ThELCE, AUaiFr2imE R
AR, BUASOR X Sy i F 4 RN G &, FEA RS R
TCHCE Fr o SR 58I 3 =8 vE, AR SIRAR T 200 Fh e dn. SK£5 200, 000 5K
i B

4.3 1RENGIHFISCIR

k4. 1 fos, BABERIAEZL 2 N FEEH 20K, 4 72 CASN il TASN,
CASN "l Ea M EGBHE RS REE, WMAESRPRIE Mg, £ T
A AR, TASN 0] DL B &5 N X 35k X T8 — AN F I A4 STN
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LSTM JAEREZ . BRIEA STN HTHENER X, Mk B A FEEAK
LSTM HE B AE e i DU AR 2 J55 38 DX I X P R A 5 [RIIN DA — B34 ) STN
EREE SRS BE, BRI 2 AR5 R, NS 5k s £
AR A 453 5% oA A DA v 21357 (14 5 sUOEAL BRI 25

Y7 N AU

|

= M fi C ,h °t
: /IEQJ?W% 0 0‘ 0 ES b Chicken :
&, I B
| & I | !
cvh ]

g T
HEX
= R TiF

o B5

oy i ¢l

— — — — — — — — — — — — — — —

A 4. 1 IG-CMAN #ERIELR
Figure 4.1 Overview of proposed Ingredient-Guided Cascaded Multi-Attention Network

4.3.1 R EENENEIE T TS

Wi 4. 1 fizn, CASN Z2HESH CNN. STN Al LSTM #H . STN nf L%
AR NS 325 8], 4 A 58 /DN (R HE ISR S T/ S T LT N B
M— T8 &5 EBRBANBILSN CNN 1, ARSI E— 2 S RUZ 4
EEfy, 23 STN ATLAS 3R B W — N XERHEE A, 434010 B iR & hr
VER I XIS, AR SOR AR 3 B MR A 08 BB, PR AR TR it AR
BEM ) E XN :

_[sx O tx]
M_[o

Sy Uy

Horbis,, s, 3R TH, t,, t, BRGI.

LSTM FIF I H) LSTM # 2 i HE S ) LSTM,  FH SR AR 53 30 [X 35k 1147 it
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JPARH . 23 STN, AJ LAZRAS LSTM M4 A x, -
f1 = ST (fo, Mo), x; = relu(Wyyfy + by) (4. 1)
HAST ()22 25 (A ¥ bR AL, relu()FR7nAE IE 26V B 2 (Rectified Linear Function),
Wy b, FR IR RS
SRIGIER LSTM, " ISRERE R AR .. T XA th,, LSTM
AR PT343 73, 10 HL e R — TR R M -
zy = relu(Wy,hy + b,)
s1 = Wyszy + by (4. 2)
M; = W21 + by,

;H\:EPths VVZS’ VVZTI’I’ bS’ bza bm%$§j:%§ﬁo

4.3.2 AR ERRENEIENTHE

FLT CASN E LB HIIX S8k f; AL HFEFEM, , £ TASN o, HEZ ] LSTM Al
STN LAEFREARHI 7 R R TAE: LSTM TSR [ STN & £ 1) J55 348 X 35 £ 4
4 R TR STN M H S HLL A T F —/NER /I X HEUE . X T IASN
AN TN, #O E B8R 20 505 B R 38 DX f, AR a8 FH SE
() 3 45 B M _ SR S SE AR S B SR 38 X 3k fie = ST(fy, Mg—1)- LSTM ¥
RHEBUR fi ENHN, SRTH S TR FEOIRES -

X = relu(Wyyfi + by)
fe = o(Wysxy + Wyshy_q + by)
iy = o(Wyixy + Wyihg—1 + by) (4.3)
gr = tanh(Wyyxy, + Wighy_q + by)
k= fie © Cr-1 + i O gr)
0 = 0(Weo Xy + Wiohy_y + b,)
hi = 0, O ¢,
HrhoOFRRIZ Sigmoid B2, tanh ORI EYI %L (Hyperbolic Tangent

Function), QK /N2 s (Pointwise Multiplication) o hy,_q Flcy_q /& HT—IKIEAR
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IR MG T igs fror 0 Mgy 70 a2 kK AT ZE AT, =il
I3, B IR N TR R T AR 4
X T REBUR A hy 7T URYE LA A S UEHTM,, -
z, = relu(Wy,hy + by,)
M, = W,z + by, (4. 4)

HAP M2 ket 1 AR R e O P

4.3.3 ZIEENHHIMLE

CASN F1IASN Z A EAE. MHEFZW, R E L3 FRHBEMLE ., 15
—RPEH k = 1B, CASN MR UG HT NRFIEBLSS fo AL — A FHIE 1 X 3k f . A5
TASN 5 J&3 58 DX 35 £, V5 4IRS FE X 35 8 7 f BN o EATITE 28 kK IRTEIA R R AN R

f1 = ST(fo'Mo) k=1
fi =ST(fiu,My_y) k>1 (4. 5)

LSTM R AE R fi 1 A A KT ARG e AR S . ERIEAR 4.3
ﬂu%@%k@ﬁﬂmm 25 B FSUIR S hy , AR AR 4.4 M, . £
— RGP, il it STN HEAL M, , H-7E CASN A FH & f2n I &5 B .
HTFMy, ARLALETASN HEHEHIM, -

4.3.4 ZEEES]

ARSI BAE— N ZALS AP XA S v AT @, Bl ek
BEATARAL, RIS I3 SRR L g MR B PE 2 SR Ly g, FTAE BOR REE R
s P4 X 3 AN 22 N aiokr P /N T B X 3k, e, ASSORI T 55— Fh 2R TR A 45 2k
Lo KA STN FyER S X e A 258, DAARIEE: = X e ks - AT
FEAE DL 45K R B

L= Lcls + Y1Ling + )/ZLloc (4 6)
Hryy, y e PSS

FERR AL R T, CASN K& MRS ENGEBER, 85 STN

ENVEE NI 43F CASN H1[1 LSTM, AR 4. 2 i ANRAA Ns,, &
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S RBVRRECR WS A
Les = _%Zilog (P(()’i|51i))) (4. 7)
HANZNGEARNEE, s &8 1 MERTNRHERZR, v &N .
TEEM Bt AR, £ IASN, 0] DRSS MEI ) B ZAFIE R
/j—<sk’ ﬁDTﬁﬁﬂ_‘—\‘
7y = relu(Wy,h, + b,)
Sk = Wyszy + by (4.8)
Hrs, R MEA P BI04 . 12 IASN F, AT ARG NMEA &
MR 534 {S2, o) Sk - Sk} KRIRWRIGIREL, Hsy = {sk, ..., s%, ..., sk}
VERNE Z/ D EMIRE . ST BMAR D AR &AL, SR8 2ImA
K155rs = {st, ...,sY, .., s"}, sPHITHEIS DT
sV = max(sy, ...,sp), v =1,2,3,..,V. (4.9)

B T LS 2T 1) 17

Pl =)y =12,V (4.10)

X sexp (s
B P R ST K B R
Ling = ~ % (@} — PP)? (4.11)
Jeip =)y RS AR ISR E M R g = {gf, 0 af, 00D af
12 0-1 FR M

VER Xm0 E L3R R BRI SCIR[74], 8 7 STN leshtie i 2
PRI 2 RO BB X3, ASGERH 7 LR =R %, BG4 (Anchor)
2, RIZARAIEL R .

XEF A A, %A RAEAFTE R 1 X 3800 B B B & P AN R X

L=t = e + (8 — ) (4. 12)
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Horlr(ck, ) NE k MR tf s 08 K BT IR F IR EF R (k= 2).
X REAR, 2L R T8 AL VR KRR S 2 — @ Ve N, 7T RLIER

RN
r o= (max (s, — a,0))? + (max (|s, | — a,0))? (4.13)
Hra@g— Mg e, EARKTME T, af A FF. /£ CASN H, BAEHT

SEALHLIG EUR XA, i BLafidt K— e M, 7E TASN HrabiziR/h. KRR N
BT AL B A BN gL R X 35

ST IELR, LR TE R XA EHE (Mirrored), 7 AR AN:
r = max(0, 8 — s,) + max(0, 8 —sy) (4. 14)
Horh B B I B fE
B2, VER DXEUR S AR R B R AR
Lie= Ig+h 0,201 (4. 15)

Hrd, L RESH.

4.3.5 ZREBKAERT

XA — B ZR5e 8, ] BLAERRTK B dh MR L3RG 22 A MOHURLE 2 41k
FERRER I X IR, K5 S AFE =PSRRI X I Se B £ bt
8 CASN JJr7™= A5 [RREURE 22 X ORT TASN 7 AR 8y JUANAIRE P DX 43 AR ST o 4 i
AL XN ZR— > CNN A o Bk FIX 2L 2R ) CNN B, AR SO E B R
LA P IX SR AR 2 X S5k P SR IO = R AN R R BE ARSI (Fo, Fyy oo, Fieds FEH
Fo 2R 5e B BB AL BE AL, KO DXL B0 AR S0 A B N BEAT A — 4K
SRR EN B G RAE N I A I RFIER R, fJa ] Softmax 73 &R EAT 8 bt
BRI o
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4.4 SCIGITHESSHT

4.4.1 SIIOHHRE

ETH Food-101[13]52& — MU E 10U F1101,0005K BIHE I EE 5 . KT
FO[SAVE— AR UL T A SL K A B2 . AR SO Ty V22 A B il MR R b R fir
FER VBB X . Bk, ASCIER T B i EGIR AN RE R WM . AT LA
LM 17450

VireoFood-172[78] L & 1 72 & . 110,24 15K & i EUE FI353Fh &4 .

ISIA Food-2002 7200+ & & R1197,3235k & ih 15, Hp@gAKHE0H
5005k G . N T IR TEA ST A S, ACSCRE— SRR A AT AR OG
S AT SCHR[78], IR AEHE R4 H60% . 10 % F130 % 11 BB 43 A Tl
5. WIERIIR . E42R T — LR,

i 251 bacon '

]

25l: wonton noodles : takoyak 25): shuizhu
&4 flour,egg,pork, |4 : batter,octopus, and eggs A HF: meat,oil,chili
shrimp tempura scraps,onion, &#: bacon,sausage, pepper

takoyaki

251: kwetiau goreng

25]: nuomici J5): cream of 2%]: colcannon

B#: glutinous mushroom soup #&4: mashed B : fried flat
rice,dried coconut,sugar A#F: roux,cream, potatoes, kale,cabbage noodles,chicken,meat,
milk, mushroom beef,prawn,crab

A 4. 2 ISIA Food-200 fJ& 5 E G H: 45
Figure 4.2 Some food examples from ISIA Food-200

RAVRR T AR KRG W3R4.1, FA1T7] LLF FIISIA Food-200
FEE IR H A B 308 E4 K TETH Food-101f1VireoFood-172. B #E—5 W
%, ISIA Food-2005 Hoth Py > Eods 5 2 18] 9L 2228 ) H 2> (ETH Food-101 R 1
1542651, VireoFood-172 {E242K51) o Kk, ISIA Food-200-5 X i M ¥dE 45
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oAb, ARSCAYEISIA Food-2007] PAE— 20 (e i3t & i MG A S Atk 1) & Jg o

#4.1 =AM ARBEEENGT

Table 4.1 The statistics of three different datasets.

EAE/TE S Fhi 2 Y ss ot
ETH Food-101[13] 101 101,000 174
VireoFood-172[78] 172 110,241 353

ISIA Food-200 200 197,323 319

4.4.2 TENIEFR

A SCH A8 F Top-1 M1 Top-5 73 R HER A PPN Fa 5. Top-17 81 HR KR
K G 5 A B TROIIAR 25 IR I B 43 e o Top-543 Uk 3 R R AR S
TEHEA T SAL A TR 25 A R BT 5 1B 2 Bl o DR DR 22 T 58 AR s
Top-1F1Top-573FUERI R, N T AFSFEL, AT Top-181Top-57> ZHEM K A
RV FRF o

4.4.3 SCILHTS

ASKEVGG-165J5— ZEFUZFFHER (Feature Map) M{ESTNHIHIN o
AT I 25 B 5 — 2R MEARAE 11224 %224 K/ o TENNZRiRE A, i FH Adam fR AL 28 K
AL R %%, %\ & F 3tk & (Batch size) 16, Adamift{t 2% 1 ) &
(Momentum) Z4(1& B H0.9510.999 . BRI K446 %% 2] 225 E 2H0.00001, 24
JERE30N A IR LA10. AR SCIEREFE SR UESE b 450 % bR 250 /N PO AR AT DI Ry
ETH Food-101% A 36 IE4E, AT LGB R4 2% bR B T AR I AR5 A SR AR

KT ZAT 525 ST ISR, AR SO PR HE IR S A FR AT AR . 32858
SRR R R BRI B b e 1 4K R S AR R RO, R TR BT e . DAL,
A N1.0. HRIELIMERZLY:, KETH Food-101, VireoFood-172A1ISIA Food-200%%
PRI, 73 B 0.1, 0.5F10.5. FEAR4.121, ARICAETASNH U & HR 4L BE
B X IR B e B RS, BRI, BT Al s Akds (0, 00 Z4h, MR DUTEALR,
ARG U ST A AR B BN (0.4,0.4) « (0.4,-04) .« (-0.4,0.4) F1 (-0.4,
0.4) , RIBEANEGHIAE A, A EfA. ETANG N, XFEREA M E G
sk i % . £ A 4137, 5T CASNAIASN, Kt a sy % B 0.9410.5. fTECASN
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F1, aSZEOR,  RINCASNGZ K& MR FE MG X 3. A, TASNAZHIK
SE TR FUME X3, [RIETASN A [l a A%/ o 7EA T4 1470, IRIE IS5,
B CASNFITASN 1 B 70 il 15 B 0.6 410.1. 7EAR4.15%, H{EETH Food-101%
P4 AT UNGRES, H A, RN, 4315 B ON0.01F10.5, 247E VireoFood-172%0#5 4 I
HEAT RIS, B A, A2, 20 6 BN TR, 24 7EISTIA Food-200%d5 4 EHEAT IR,
FA A, 70 R E.0.2F10.2.

B — BIZRe ke, A nT AR TR bt BUR 3045 2 S DOHDRLEE 3128
RLEEE (R 3 X e AR5 43 A% CASNAITA SN A= i g [X 3R 5 Pl 45 £3 T
DenseNet-161 P28 KERMURFIE, AR SO TR TAT 1 B 1) HR DR BEAT RFAERE &

VENRL G 5 A NIFHIER R, ARICR M Softmax 4y KA AT 409 fESERT
FErf, AR SCH R R [ IR ARRALE 53 T AT R AR R

4.4.4 PEREXTEE

ARILE X TASN HH 2 A XS RRAE A A 34T T HERE LR . TEA SR I
TASN ERL T JUANRLFE I U X 3. ASSCEUES T AN R XISl A 25 51, IFRAER
4.2 IR TS HLSRIR 45 . KT TASN 52 7 MIZIRLEE X35, AR SRR AR FE [X 45k
1-C RN C AN IESLE AL X I8, P B X 1-1 22 58 — DN RLRE X 38, 1T 48
RLEE X3 1-5 FRoR T R AR E X 3. W5k 4. 2 Fios, BATRTUER (D
SRR 2 1 R X AT R R A B, BN PERE S IB W . (2) BTA XA
RPE R B PR R & B U 1, I FLIK b i 45 SR AR 28 T 22 /N AR B PR X 3 E A

B, AR OR ARG AT PR R LU . 3R 4. 3 JBOR T AL [R) 4
siR s . TATATLLE 2, 55 CASN 8L IASN AL, CASN FPHLRLEX
1T TASN FRZ0KL FE X 303k AT RFAE Rl & 5 PT AE— PR it Re . fERLG T 85Kk
G RFE 2 S5, ARSI 7594 Top-1 A1 Top-5 ) Uk _EHIA R T ek Efg .
PRI, ATLATS 456 BRI . CASN AT TASN A AN [RIRL B [ X 38 B AT B AMA,
15 HLoR AN [F] 88 (RREAE Al A 2 2R BROE N A4S THT . B8 B AP R IR R R
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£ 4.2 TASN PARFE X BAHMERA7E ETH Food-101 BB K 6L (%)

Table 4.2 Performance comparison on feature fusion from different regions in Ingredient-

supervised Attention Sub-Network (IASN) on ETH Food-101 (%)

AL X I S Top-1 7 AL Top-5 73 REMF
SRRLRE X 45 1-1 83.53 96. 03
L X 3, 1-2 86. 50 97. 17
SRR L X 45 1-3 87. 17 97. 35
YL X 3 1-4 88. 27 97. 71
L [X 3, 1-5 88. 94 97. 87

£ 4.3 BEAARNFEHARE ETH Food-101 BEEERMEE (%)

Table 4.3 Performance comparison for different components of model on ETH Food-101 (%)

AL il Top-1 7pJEHERA  Top-5 /3 KAEMR
CASN 85.41 96.67
IASN 88.94 97.87
CASN+IASN 89.89 98.21
IG-CMAN 90.37 98.42

BJE, ASCESE IR B BORBEAT IR L. Ik 4. 4 PR, FER
15 7 {E ETH Food-101 & dh Bl 48 L&Al 1%, fERPILJER THEAA
CNN _EfttfE, 640 AlexNet. InceptionV3. ResNet. DenseNet f1 WRN. M#E
4.4, FATATLIES] (1) WRN FIHEREAR T HARGAE M4 . (2) WISeR i@
RGN V) B AUE Y] W4 2> SOREGE WRN, P45 AT DL 3R & dn R
R E IR ELZE . (3) ARSCHITIRAE Top-1 20 2KukmfiR LIk 3] T HelrtEfg, A
LE B T T SR BT WISeR MZETE Top-1 2r KRAEMME Boem 0. 1% . RE
WOIEREA I, A SCINEFEAR A H Al B s 15207 50, T WISeR 2% 55
HMEF T SR SRR LB IR AlexNe W RIS, JEHMH T 10-crop it

At
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# 4.4 1G-CMAN £ ETH Food-101 BABEKHRE (%)
Table 4.4 Comparison of our model and state-of-the-art methods on ETH Food-101 (%)

WARrA Top-1 73 2R HERRZR Top-5 73R UERR R
AlexNet-CNN[13] 56.40
DCNN-FOODJ[27] 70.41
DeepFood[79] 77.40 93.70
FCAN][80] 86.50
CurriculumNet[81] 87.30
Inception V3[29] 88.28 96.88
ResNet-200[31] 88.38 97.85
DenseNet-161[63] 86.94 97.03
WRN[34] 88.72 97.92
WISeR[34] 90.27 98.71
IG-CMAN 90.37 98.42

AR T AE ETH Food-101 & Sh £ LIGUE VAR R, IEAE 5150 1A
Hi[E S VireoFood-172 #i4E LA T HH OO HLSREG,  SRIGUEAR SC7 1) B i b
AR St TASN PR X IBURHE R & R SR 00 45 R . sk 4.5 Fw, AT A
% | IASN Hh T4 5 8 X s A R AE R B B S Bl 1 et . R 4.6 3B ROR T
ARILITVEAE VireoFood-172 B i Bdi 4 EASRIAN R i st 45 . @it = Fhk
SR R AR R £, ASSCHE Top-1 A1 Top-5 73 5HERA R _FIIA S T S H9IR B
BEo R A TR T 5HADI VLR BIHER 2T Lh g B o BATT LB R, A5
7E Top-1 1 Top-5 43 FUEM AL X AN BR 4 EHIL P 7 B drvhpe . 5 H A M 7 4%
Tl WA 2& (2 AR 55 51 (T8 AH L, Top-1 Al Top-5 4> ZRUERHFR > B4R E 741 3. 4%
A1 1% . IXFPYERE K FE T Bk B 1 SR ) XS 2 ANE R ) X IR Rl

N T BB IIEAR S I VE A R, ARSTERSMA T ISIA Food-200 £
£ KL, ASSCFFELE ISIA Food-200 s 845 17 AHICNS EESEge . 413k 4. 8 Fiow,
AT A B TASN o A Ja 8 X I R AR i & 3 SE IR T A1tk fRg . R 4.9 13—
IR 1SIA Food-200 ARSI VEANRIH A SEIR S5 R . [FRE, ARSI 1EAE Top-
1 A Top-5 7r KRG E#IAR] T fmEMERE. X 4. 10 /R 15 HEZ R i
HZRIIXT LA B BT ISIA Food-200 J2#i 4 Hi i & i BdiE 48, B A SCHEAN A
CNN Eib47 7340 . MR 4. 10 HaT LA, ASCTTVELE Top-1 # Top-5 77
HUETZRABIL TN T B HEvERE . SEIREE B IRIIE T A SCHR M7 VE A R
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% 4.5 TASN HARFXBISERISTE VireoFood-172 BIBEMMHERE (%)

Table 4.5 Performance comparison on feature fusion from different regions in Ingredient-

supervised Attention Sub-Network (IASN) on VireoFood-172 (%)

L X I RS Top-1 73 FRHEH Top-5 73 REMIF
SHRLRE X 45, 1-1 82. 35 95. 35
SHRLFE [X 45 1-2 85. 96 96. 92
SHRLE X 45 1-3 87. 47 97. 46
SRR L X 45 1-4 88. 83 97.91
SHRLE X 45 1-5 89. 43 98. 06

F 4.6 BEAAREHERBFE VireoFood-172 FIEERHERE (%)

Table 4.6 Performance comparison for different components of model on VireoFood-172 (%)

ARl Top-1 73 FAEHH Top-5 73 HAEHH
CASN 87.39 97.15
IASN 89.43 98.06
CASN+IASN 90.34 98.31
IG-CMAN 90.63 98.40

£ 4.7 IG-CMAN #E VireoFood-172 3L HEE (%)

Table 4.7 Comparison of our model and state-of-the-art methods on VireoFood-172 (%)

WARrA Top-1 73 2R HERR R Top-5 73R UHERR
AlexNet 64.91 85.32
VGG-16 80.41 94.59
DenseNet-161 86.93 97.17
MultiTaskDCNN(VGG-16)[78] 82.06 95.88
MultiTaskDCNN(DenseNet-161)[78] 87.21 97.29
IG-CMAN 90.63 98.40
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® 4.8 ITASN HAF XIBAFMERE&7E ISIA Food-200 BHEERHEEE (%)

Table 4.8 Performance comparison on feature fusion from different regions in Ingredient-

supervised Attention Sub-Network (IASN) on ISIA Food-200 (%)

R X I RS Top-1 /- 2RUERIZR  Top-5 73 FHERER
SHRLRE X 35, 1-1 58. 88 86. 18
SHRLRE X 45 1-2 62. 09 88. 36
SHRLRE X 45 1-3 63. 29 89. 33
SHRLRE X d5 1-4 64. 39 89. 92
SHRLRE X 45 1-5 65. 59 90. 70

4.9 BEARFEHEBRFE ISIA Food-200 BUHEERK R (%)

Table 4.9 Performance comparison for different components of model on ISIA Food-200 (%)

AR Top-1 73 HAEH Top-5 73 HAMEH
CASN 61.13 87.66
IASN 65.59 90.70
CASN+IASN 66.71 91.45
IG-CMAN 67.47 91.75

% 4.10 IG-CMAN 7E ISIA Food-200 BiBE R AL (%)
Table 4.10 Comparison of our model and baselines on ISIA Food-200 (%)

Jiik: Top-1 73 ZRUHERZR Top-5 73 2R HERRR
AlexNet 49.34 79.30
VGG-16 59.05 86.53

ResNet-152 61.07 87.87
DenseNet-161 62.62 88.28
IG-CMAN 67.47 91.75

4.4.5 TEMSHTFETIRL

N T IR T RIZ S ST 25 IR, AR SRR AL RV T DXt AT 1 g R A
LB XS al MRAL o« A SCE SE 7R 1 TASN A (R AHPRLFEE S5 8 X 35 ] 4.3
Jizr, Jes T —28 TASN raiir XIS RE, 72 B RS X T T, A
SRR T 2T TASN FRARRN AR RE X ISHEST AT 3 (B AR 0 A o FRATT AT LABLER
B, TX L S 8 DX IO A LR B i S 2 B AT R o 34k, VR 2 R B X 3
e LR A A R Lo, EEI 4.3 PEE 17, AT ORIV
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Figure 4.3 Localized image regions with probability distribution on top-3 ingredients

from some food examples in IASN (Ingredient-supervised Attention Sub-Network).
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Figure 4.4 Localized regions from some samples in the proposed model.
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