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Abstract: Recently, food image recognition has received more and more attention for its wide applications in healthy diet management,
smart restaurant, and so on. Unlike other object recognition tasks, food images belong to fine-grained ones with high intra-class variability
and inter-class similarity. Furthermore, food images do not have fixed semantic patterns and specific spatial layout. These make food
recognition more challenging. This study proposes a multi-scale jigsaw and reconstruction network (MJR-Net) for food recognition.
MJR-Net is composed of three parts. The jigsaw and reconstruction module uses a method called destruction and reconstruction learning
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to destroy and reconstruct the original image to extract local discriminative details. Feature pyramid module can fuse mid-level features of
different sizes to capture multi-scale local discriminative features. Channel-wise attention module can model the importance of different
feature channels to enhance the discriminative visual patterns and weaken the noise patterns. The study also uses both A-softmax loss and
Focal loss to optimize the network by increasing the inter-class variability and reweighting samples respectively. MJR-Net is evaluated on
three food datasets (ETH Food-101, Vireo Food-172, and |SIA Food-500). The proposed method achieves 90.82%, 91.37%, and 64.95%
accuracy, respectively. Experimental results show that, compared with other food recognition methods, MJR-Net shows greater
competitiveness and especially achieves the state-of-the-art recognition performance on Vireo Food-172 and ISIA Food-500.
Comprehensive ablation studies and visual analysis also prove the effectiveness of the proposed method.

Key words: food image recognition; deep learning; jigsaw and reconstruction; feature pyramid; attention mechanism
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IR, %5 RS 8 £l B R AT e e 0 8 Py 2 Sk, AR SCIE A Y Focal 453 R4 A2 UG5 5. Focal 453 2% T LA
AN B RE AT AN [R) AR, 92D 2y 7 PR AS BB, A 8 A A 4 A v BN 1 Xk G0 SRR AR AR Focal 43¢
EN I AW

N

Lee =Y —ax[1- £ ()] xlog (f (%)) &)

i
b, oyl B 2R, T0) b 4 44 H IRV 4
A MIR-Net 41 2R BBl 5 N0 B B8 7 RBURI Lees F TI0A6 4 2811 A-softmax 12k Las.
PP IR Lagos FFAEE TIEHUR Lipns XN FFHK Lios: IRAHIHIK L AR
L=0oXLce+BxLag PXLiost20XLpnt VXLas 9
HAr, o, By, VAP R AE.

3 RBWERSHN

31 HURE

e ETH Food-101M3 & — AN 3 51y o4 4 41 1 (1 £ 5 14 1% S04 4 (https://vision.ee.ethz.ch/datasets/food-
10V), PR 101042, B4 S 1000 7k B, A HER4EILT 101 000 7k & 5 E%. 45
SRR 4% T 301 1 L AT B A LRI 4, o F4E.

o Vireo Food-1720"1 j& — A~y b [ 2E A 4L K K 13 &b B 1% 50 4R (http://vireo.cs.cityu.edu.hk/
VireoFood172/), %A dE4e 3L 172 2, 3L 110 241 sk fr b 5. DIk BRAEAE AR 4R 44 ] 6:1:3
{1 A5 B AL K1 45

e ISIA Food-5001" (1w [ 32 1 4 U5 3¢ 4% [ 40 ), % $od 45 S 500 A 2% (http://123.57.42.89/
FoodComputing-Dataset/I S| A-Food500.html), &A™ 24035 1) % % B 48K F 500, FL 399 726 5K £ i 14
%. F Vireo Food-172 1% 43 bl — 2%, 4L S uF 4R AR 2 4% BE 6:1:3 1 L A5 Bl ATL X1 4

FLERT SMEIRENSGIER, B SRR T 3ASIRET Y E1E.

R1 3N EIEEMGE R

b de Bk Bl 3 IS % UESR RS B
ETH Food-101 101 101 000 75 750 - 25250 [EPES
Vireo Food-172 172 110 241 60 071 11016 33154 H [ 32
ISIA Food-500 500 399 724 239378 40 204 120 142 MARES

EHT Food-101 Vireo Food-172 ISIA Food-500

N8 |

155 ) R 4 Lre i L - P TR
Bl 5 3 A im Aot 4 b f B A5 451
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3.2 LgEFMTILH

AP T B UG L N BTV L 2 AT I 45, SR B E N 0.9, BUE W RS E N
0.000 5, VIZ: ¥ E A 100, HIEE% >R EE N 0.001, &EFE 2 AN RN JESKN 0.9, AT PyTorch
WA IR, A 1T W& A7E ImageNet Bl 85 AT TN 5. 7Ry Berh, ASCfE BRI BY . Bl
WA B T 2 0 R S R € O R 3L i AT 0 R 2 S A 1 5 7 vk, AE DA B, AN SCAf A 10-crop 5 vk

MJR-Net "F S 40 B WN: £ RCM B JRE FIEGEE N BN 4, Rk R G IR 4 4x4
AT EMG, RIGHEATREPLST L. R & S b, R B r W N 16, RIS 2= B i B4 AE TR 46 hy
JRORIG 116, T M4 ] ResNet50, FI 5 M 245 FH 4 /2 16 A e e M 4%, RO 2 I 4E S8 e B 1 024,
ReLU BTN, 70 M40 T 2 A B W 4% . R 1 4 B M 258 1] ResNet50 J& 3 AN BU 45 4iE
Y b A AE, RS AE R 45 00 256 4E. 7 A-softmax B2k, RESH miZE A4 4, 1F Focal $iik, aik
BN Ly E N 0.2, BIHUK R B RS AN BRMAAES RE S 1, Blo=f=y=u=v=1.
3.3 M igER

A3k P Top-1 HERE 1 Top-5 HERA A ¥EI MJIR-Net BIPE 38 FR. Top-1 #EGH 245 150 1 A i A% o
T R EE BB 1R BT 4 BL. Top-5 R A 2 4 1 TH0 45 S /7 A9 28 31 HR S A IE A 2800 16 8 o i A AR 4 1%
BT 4 .
3.4 FiEbE

AT FEE PR MIR-Net BHBITERE, T M4 EHE VGG16 fil ResNet50, 55 1K) 40 kL J5 B 45 1 5l 77 2%
TREF—E, NI PR WCE N 448x448.
3.4.1 {F ETH Food-101 [ ¥ /5 i3 4k

* 2 IR T MIR-Net 5 LAt £ 5 YA 77 72:7F Food-101 b 1) 4 g Ll 45 2 L.

* 2 ASCHEHI MIR-Net 5 Ath 77 72:7F ETH Food-101 I 1) Pk §E(%)

RARES LT W% Top-1 #Ef % Top-5 #ETfi %
AlexNet™ - 56.40 -
GoogL eNet!® - 78.11 -
WARN . 85.50 -
ResNet50 - 87.40 97.40
Inception V32! - 88.28 96.88
SENet154" - 88.62 97.57
WRNY - 88.72 97.92
NTS? - 89.40 97.80
WS-DANE® ResNet50 90.13 98.23
WISeR!?% WRN 90.27 98.71
DCL!#! ResNet50 88.90 97.82
PAR-Net®" ResNet50 90.40 -
IG-CMANE®! VGG16+LSTM 90.40 98.42
MSMVFAL VGG16 87.68 97.45
MSMVFAL Densenet161 90.59 98.25
SGLANet!™® SENet154 90.33 98.20
% 9B R E 42 7 15122 VGG16 91.40 -
MJR-Net VGG16 88.42 97.81
MJR-Net ResNet50 90.82 98.32

MR AT RLAR H LR £518.

(1) WRN #1 SENet-154 (1) ¥ B8 Z2 4 T HAth 5o — 1) CNN.

(2) HET M ResNet50 A, MJIR-Net 75 1H 517 A A 8RR TE, b 3.42%.

(38) ARt MIR-Net 7 Food-101 IS T 90.8206 1 IR BIMERT R, 42t T BLA Ik 2 ot i 15K
MU, SOIRT 2 RS T3, Feilhh, A SCIRHI MIR-Net IS HEA0E ET WK 22.0%74
A, T PR TR 3 A ET WSS SRR 4, S HEA N 3T WK S
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B2, JFENSHEMTERA S E L & T MIR-Net.
(4) FEZF) MSMVFA 1 IG-CMAN 1§ | T &4k 1) & A4 45 BAE S I B85 R, T A SCAXAE 1845 1) 26 il b
ZEAT ISR, HICAB IR 0 &R0 D7 v A T 1 BB 5 5 1) =2 F M 4% (4 Densenet, SENet 55). &4 I
&%, MIR-Net 7 Food-101 b B A7 8 3 R R 51l 1 fig.

3.4.2 {F Vireo Food-172 |-[#77 3 vFA

BRAF IR 2022 -5 33 A% 114

# 3ERT MIR-Net 5 A £ i1 5105 45 Food-172 b HERGZ L. 126 3 WJ 40, (1) SENet154 [f7k
Ae B T HAR A 50— CNN; (2) A 3042 ) MJIR-Net 78 Food-172 EHEUS T 91.37%(K IR MIERA 2, Kl B4 5%

THUA B RN U7, B H AR e B

U5 1IG-CMAN & HE 0.74%, U045 T Al i R o) 1k fig

®)

MJR- Net 7 Food-172 _b-%% K & #4556 T~ 75 Food-101 _FHUAS B A Ik 6 1 2 0 4 4 18 (1.07%), 1S5
FIAE 2 B /D (R 5 00 R R4S T SR IR IR I PE S (4) MIR-Net AL FH P4 (1 288 Sl A8 047 U1 25, ASAL A SM

B BRI R BRI T 4%, L5 R R, MIR-Net 7 Food-172 [ HL A B4 1 U3 7 .
3 ACIHM MIR-Net 5 H A 7774 4F Vireo Food-172 1) fi% (%)

J7 % ET M % Top-1 #EHf % Top-5 HEHf %
AlexNet!™ _ 64.91 85.32
VGG16!*) - 80.41 94.59

DenseNet161/%% - 86.93 97.17
MTDCNN! VGG16 82.06 95.88
MTDCNNM DenseNet16 87.21 97.29
SENet154" - 88.71 97.74
PAR-Net!®"] ResNet50 90.20 -
IG-CMAN!®® VGG16+LSTM 90.63 98.40
MSMVFAL Densenet161 90.61 98.31
SGLANet!™ SENet154 90.30 98.03

% PRV AIE 42 7 15122 VGG16 90.30 -
MJR-Net VGG16 88.66 97.89
MJR-Net ResNet50 91.37 98.60

3.4.3 {F ISIA Food-500 I {15 v oA

AT AR VAR G, A SCETE S — A O b 15 £ 4 1SIA Food-500 bl AT s, R 4R T
MJIR-Net 5 HAth 77 v57E 1SIA Food-500 L IHEMIR L. 3k 4 750, MIR-Net #£ Food-500 LIRE T 64.95%

PR HER 3, G T Al R0 i, BRI
MJIR- Net [FIAF7 24E, REME N HT T AN 7] XURS 0 £ i 2R 28,

=]

He 3¢

# 4 MJIR-Net 5 HAth J7%:4F 1SIA Food-500 I /¥ 74 g (%)

Baf rERE.

Method T M4 Top-1 #Eff % Top-5 #Effi %
VGG16) - 55.22 82.77
GoogL eNet!® - 56.03 83.42
ResNet1521*9 - 57.03 83.80
WRN50! - 60.08 85.98
Densenet161/%® - 60.05 86.09
SENet154/% - 63.83 88.61
SE-ResNeX 101! - 61.95 87.54
NAS-NETH - 60.66 86.38
S ResNet50 63.66 88.48
WS-DAN!® ResNet50 60.67 86.48
DCL!?" ResNet50 64.10 88.77
SGLANet!* SENet154 64.74 89.12
MJR-Net ResNet50 64.95 89.29

3.5 HENRIE

AT EEIFAE MIR-Net 54N 2 18] (G R0k, B 1S58 7 ETH Food-101 $ i 45 #3047,

3.5.1 IR TEAL A ST 1A R B

Ifff) SGLANet = 0.21%. Sz 45 itk —DIar T
S UL e Rl S

A E IR BOIA A 22 2] DCL IO Rk, SR e BT 10, A7E 3 AT M 3T %% ResNet50,
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ResNet152 1 InceptionV3 EHEAT 528, M N BB HER g 448x448. K 5 E/R T DCL 5 R E+
M HHER R LS, R 5 PR LAEH, 58— T, DCL it B T & & R A RE. 3=
TP 4% 3% $ ResNet50 I, Top-1 #EHf %4 1.50%IK$2 T1; 24 3T M 451 $% InceptionV 31K, Top-1 i %47 1.68%
fIBETE; T4 32T W 25 e R AT ResNet152 I, Top-1 #ERf #4547 1.68% (11 #2 TF. MR FAL) 2% > e 47 2 b
PEIUSE R A B PR, HE o B R B e

#5 BUIREMY)(DCL)S FF M4 FE EHT Food-101 L (1) (%) L%

PARES TR Top-1 #ERf % Top-5 A %
ResNet50 87.40 97.40
CNN ResNet152 88.51 97.72
InceptionV3 84.32 =
ResNet50 88.90 97.80
DCL ResNet152 90.19 98.10
InceptionV3 86.00 -

352 &THBIYUNI Focal i, A-softmax i kA R - A

AT F B IGUFRRE 4 T LR Focal $32k - A-softmax 453 2k 1978 2ehE. S236 3 B 7T, A8 7171 $E ResNet50
YERET ML, LEPR D HER 224x224 1 448x448 -3 BIHEATINAE, LAASTHIE BB A 20k, K6 R T
RSEIG 2 L, Hoh, FPM RRFHIE 4 7T, FA R7R Focal 48 25 Fl A-softmax £ 2k iR 4. 3K 6 AT 40, 78
224x224 WA HEZETE, MAE AR ResNet50 I, 48 HRFE & T HEfede 7t 0.75%I1 Top-1 #EffiZE. FIA
DCL J&, FHiE4 T HRe e 271 0.63%f1 Top-1 MM, {3 FH W45 2K 0 B0 25 ) 4% RE e T 0.63% 1 Effi 26, ¢
AIE 4 - SR AN B0 R I VIG5 0 B4R T 1.28% 1 HERI 3. i N\ 4 FE SR A Bl 448X 448 I, W35 1645 i F e 12
T& 1.O%IMHER . FRAE 4 E5 U HL BE 05 17 R B o 321 0 4% i 67 RN 2 ) 22 ROBERRAE (R B8 7, 300 4 v 4000
fiE, S THAE & TS A SE MM AT 3 L5 3.6 1Y, T A-softmax 3 SRl Focal 453 2 U435 A 188 K 2K ] 22 57
FUEIE 53 FFEAR I f FEARAL M5 I 2. FEPIAS 2 HE 3R b S0 45 SRR B 1 5 35 145 0Pk

X6 FHEE IS Focal #12¢. A-softmax 4512 7F EHT Food-101 L 1) v il 52 3 45 5 (%)

5 i Iy R Top-1 R Top-5 i %
ResNet50 224x224 84.55 96.88
+FPM 224x224 85.30 96.80
+DCL 224x224 85.68 96.71
+DCL+FPM 224x224 86.31 97.05
+DCL+FA 224x224 86.31 97.21
+DCL+FA+FPM 224x224 86.96 97.19
ResNet50 448x448 87.40 97.39
+DCL 448x448 88.90 97.80
+DCL+FA+FPM 448x448 89.90 98.00

WS, AR SCERTT T RIS T HEAS R 7 S0 S 00 VERE LA, S0 B U T, ik v o %
ResNet50, i A7) W W Ey 224x224. 2 7 JE7n T MRS 4R, L, FPM ) RoR Al 5 8 ) 6 7 35 4%
TE pron(X BN p)EAT 208, FPM o RN 22 208 7 BERF AR P={pa,pa,pa} ST 20 K, FPMaux
AT AR A 7 5 A B DI 5 DAREAT 9 2.

T ORFRES T HHAE 7 SU7E EHT Food-101 I i 4 il 51 56 45 SR (%)

T A 4 % Top-1 #EAf# Top-5 HEMf %
ResNet50 2048 84.55 96.88
+FPM 256 83.10 95.54

HFPM o 768 83.64 95.90
+FPM aux 2048 85.30 96.80

R T 2R TRAES TR IO 0T, AT R R AR L. S A5 RS AT AT iR iR
SN — B0 R 7 AR, AR < T R AR EAT 2 A HER AR T T A I SRR A, R A
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G BB AE IR AE A E AR (— A 256 4Bk 512 4F), TikFe /R s & B S B 2R MR, DR IS
A B A R REAE R . A8 PR AR AU 4 B R AT Bl B8 U1 2 e 0 A IO 8% B A 1) D 3 A ) RS [ S ) 4
HIE, 30 748 58 = T O 4% 1R IR B R A1 2 ST i
3.5.3 R IIBHA BT

T T T AR T 0T R JE R A 0 T () %) R SR R AT AR, o o AN [ A 20 T AT T AN P S
A R B, A L3k £ ResNet50 1104 = T 4%, J-7E DCL 1 #5510 3 v & ) BEEonf Ph RE RO SE . 4
I, A SCRBEST T HAl 3 B R A S R CBAMPM v i o WA T A SV I T4y
KEEREME M. £ 8 R T KRIEE I HUEIH B M R ik, H A, Channels, Self-attention, Channels&
Spatial, SCI 7 R /RMBIEERE S AVER S WIE A 8VE R A I ANEEEZ 5. ik 8 Al dm, 44/
I HEAR (224x224) 1A BB, SR P SCHR H IR L T v 5 ) B e 8 B AR T 4 S M 18.(0.82%), 130 A X T 1 7 22
PEIEAT FREAE AR 40 300 ) PR 0 A X R 48 8 £ B AR B UL PR B, DD R R . AR K R I N R
bR DA BRI T AR T (0.70%). 3 FRR I IE v R 0 6 IR M e A B 3 19 T (1.03%), {H B
By HER IR, PERe TR IR P28/ (0.20%). M FH @ AN % ) & J B, P e B 7 (0.59%) fI% T~ F — il 1 ¥
B 7(0.82%), 1B R TP O AETE B B A5 A5 B, AR FEA A AR A B R D ML R R R R .
FE R0 23 P RESR TH AN B (5 (0.02%), 5t W £ it PRI A v AN A A W A28 ) KB 3 A% 3R

# 8 #HRUERIIHLEHILE EHT Food-101 _L 1)1 it (%)

T LIRS Top-1 #Ef % Top-5 AL %
DCL 224x224 85.68 96.71
+Channels 224x224 86.50 97.30
+Self-attention 224x224 85.70 96.87
+Channels& Spatial 224x224 86.27 97.12
+SCI 224x224 86.71 96.92
DCL 448x448 88.90 97.82
+Channels 448x448 89.60 98.15
+Self-attention 448x448 89.30 97.90
+Channels& Spatial 448x448 89.56 98.10
+SCl 448x448 89.10 97.80

3.5.4  AN[Flr N5y HE G 1 BE 1 5
ISCBAFES T PRI HE 2, 224x224 T 448x448, %F T £ i B AR B E RE Y 5% M. <75 7E DCL M4 |-
BT R, 2 QRIR T BIFR NS HER IO IR BIAERG A LB i3 9 T4, 4K T I 44 ResNet50 I, ALt T
NG SN (224%224), AT K 23 Wi % (448x448) e 8§ T 3.22% 1) 43 S HEAf % T 24 =1 M 4% 4
DenseNet161 I, IR A 2> HE R AL RIS K 1.80%IK R TT. 206 45 F R W, 13 F K20 3 5 10 R4 e s 1 3%
HPE B A RSB P e
K9 224x224 F| 448x448 Wi N 43 HE % 7E EHT Food-101 1)k fi (%) LL 8%

LN S LT M%% Top-1 #ERf % Top-5 #Effi %
224x224 ResNet50 85.68 96.71
224x224 ResNet152 87.00 97.44
224x224 DenseNet161 88.50 97.80
448x448 ResNet50 88.90 97.80
448x448 ResNet152 90.19 98.10
448x448 DenseNet161 90.30 98.11

355 AFNEHE TERIMGEE N XTI R

BE—2 i, ASCERIT TANFE IR TG ECE NS YERER 0. N tiE 7 DCL HF a4~ B8 1 RS,
NGRS, RIFEEA T EUE I RS C. H136 10 AT 4N, 1E 224x224 (40 HE% T, N W8 R 4 B S 1 U v
B, fF 448xA48 SRR, NWE N 4 WA R IR AR, 9o R, &80 G B RS b R AR
HIRBETCR, TR B AR T AE 1) S8 2k, /N ) N REAE B O 1 R B 5 2 ) S8 AR B SRR A
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# 10 MJIR-Net HARNEE T K54 H N 7E EHT Food-101 | 1k BE(%)

R FEGHE N EniE Top-1 Y % Top-5 #Eff %
4x4 224x224 87.52 97.34
=<7 224224 87.47 97.40
14x14 224x224 86.87 97.15
4x4 448x448 90.82 98.28
=<7 448x448 90.64 98.32
14x14 448x448 90.40 98.35

35.6 BIME AT

AL L0 HT T MIR-Net (BRI %, 1 M 44 ResNet50. % 11 /R T MIR-Net 1R A4 FE4r 7
g5, ﬁ.ﬁvWja%l)\xﬂ*ff;-:ﬂ%)ﬁifaﬁflﬁm%i%ﬂbuH’J;‘%ﬁiﬁé}tb. H12% 11 AT 40, 51\ DCL # by ok 1) &2 2%
FES 3 W 45 AH Loy LUR L2, 51 NRRIE 4 T ISR N S & 2.7 M, S BT MWE SR
11.5%, H5| N DCL FURFE & FIE B L-F A G R i 5 . A MIR-Net SIS HH 4N 5.3 M
Iy =T M S H R 22.0%. TR BE, DCL FIRFAE & T IS EIY R & 2 51151, ik, MIR-Net 340
ZHRAL R 25 M (215 10.4%), 900605 B4 0.011 G, (5 , MIR-Net (4 71 53 4% B AL, 7E414 B iR
S RE I RTINS B R T B ROR.

# 11 MJIR-Net 1745 I8 5 4347

gz | params(M) | GFlops(G)
MEES
ResNet50 23.948 4.132
+DCL 23.954 4.132

+FPM | 26.70 2(+11.5%) 4132
MJR | 29.223 (+22.0%) 4143
WP B
ResNet50 23.948 4132

MJR | 26.443 (+10.4%) 4.143

3.6 AL SH

KT BRI M, AT MIR-Net BEAT 2 M M A ar M4k, B 6 & MIR-Net 78— 268 5
BRI 45 R, B AT R R — IR GEARFEE T A BT M N EE — N ERZ R ERIM#R )
K. Hp, B e(a)h R s E%, K 6(b) A DCL H 22 BIRFAE S 1, & 6(c) A IAE T FPM 4 Bh Il 2k ¥y DCL
g SRR AE R L B 6(d) g A SO I MIR-Net Fpf 31 i3 0y 1, H i 00 31 20 (0,36 7 90 28 56 33 3 43 [X

SRR DG R P T T
T TR SN o e
-

" V -
o/

K% (b) DCL 334 118 (c) FPM #iIl DCL 3294 & (d) MIR-Net 73 21 i 44 7 &
Kl 6 MJIR-Net [ ] ¥LAL 2 BT 45 S
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R LA Y, SR 4ioRE B2 R0 U5 v DCL A1) T 42 i di W) A L AR SRR, A7 199 8% RE A G T doe LA 14
SR DX (A 1 6() BT 7as), (H Eh T i B BN EL A6 i 1R OIS, FLSZ R RS KRR, DCL 27 21 (1 ML 5E 45
AEAN R LAIX 73 BA SR e PE A B i 00, SN G 7 BEJa, 25T W 2% m] LSV AN [RDRL L ) 40 6L 22 A0 3 45
i, AT BRAS 3= 5 10 2 RO A MR IR 7S, W 6 sP T LU Y, AHEL T A DCL w13 2114y I (it 151 6(b) i
7IR), A YA A < B Al B U 0 45 2 A B0 T (1 6(c) BT 7)) RE M 5% H 2% Aol RO () J) B 4 45 38 7. IX R WA A
FRIE S PR B I 25 F, 32T W2 e NG B0 2 >) 22 ROBE R 400K FE AR, MIR-Net 7ERFAIE 6 7 15 () S At -
FINE B0 WU R AL 1 AT 489 58, 300 3 o 30 3 - 1) ) B R P R AT S A LA st A 0 ) R A B S, 95 A e
P, ANTTTAE 1S W0 45 BE R 1 1 A P PRI 8, 10 AN 23 9005 0 50 1 S0 B (1 e(d)pois, S 18 e(e) L, #
RS A PEARFAEAT B e R QTR JEE, TS MR 7 () S P o BRAIR). LI 6 ZeflsR 1 AT (1 Xk 4 A 1, DCL
HEW 52 A7 Ja) 50 PR A0 WL P2 DI, 2 B S0 PR AR 8 0 e I8, (ELIZK SRR AR AN A2 BUREJL 5 S oK 95 (DCL 1 T &5
RYX 3 TT. R 7 BRI TT DR R 22 ROBE R R AIE, (H il I A 1 — S8 J0 QM AR 5, A1 M
2R R PG T Ay ) BRRE. AR SCHR HE 1 MIR-Net 38 3 A FH I8 18 12 5 ) 6P R AE R AT 30 5, A6 73 ) & T
LUK A 10 5 57, 21 6 oot PR AR P R DX, 9/ 8 5% A5 0 S Mg 75 (K P02 (I B BT 7, A0 Rl RS 7 i £
XSG 1), TR PG A i el T 00 o 2 U K.

PRk, ASCE AR BT SR G EAT 20 M. B 7 JE2R T MIR-Net 75 34l 4 LR HIFE, K
8t — W R T LS IR A R R A R ATLAE RS SRR A A BRI AR AL SRR, AR A 2l
B RL B A5 RO S 22 TT . i 2 1 DA 8 8 ] — S8 A8 0 B0 A5 6 (b TRk JEL) ok Al 18 £ i B A5,
UM A £y B2 7 1 A i e AL A ABLER) £ .

. ETH ‘Food'-lol‘ _ Vireo Il-'om_;l-172. ) ‘ISIA Food_—500 _

] |

B 7 MJIR-Net 7F 3 M Edi 4 b AR I 56 5

BEATAN Rk FHI AT TR
e H ¥

|

K8 MJIR-Net 14543 K15 25451
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ASCHR M T —F MIR-Net 18 R PUN T 3%, Db 138 & 6 b MR AR R A0S 5, ANSCAER] T R3O A
SOOI, IR O AR % DA R A, DLl W0 4% 9 T ) S PR A A A TR AR D T I B R
VAT [ E P Jm) B8 o SCR A, AR SCIE 5 H A8 P 5 AR < 7 B RS B ok 42 90 22 RUPE AR AR [l 5 v SURFAIE. )i, A T
I IR o P A A M R 20 R 7 R T i, A S B R A P SR WL P B s AR AT 1 5, T e 6 AN [ 45 A8 13
(1 T T PR AT S L P P R R B, PR P T . SR 45 R AR W], AR Y MIR-Net 7E 3>
i B S BT B I PONPERE. A4 10 TAR R, AR 220 T T 48 A £ it R AU ME B (e ks
B, VRBEAS B O e £ h FEMG R 5 v e

References:
[1] Khanna SK. Food and Culture: A Reader. 2nd ed., Carole Counihan and Penny Van Esterik, 2009. 157-159.
[2] MinWQ, Jiang SQ, Liu LH, Rui Y, Jain RC. A survey on food computing. ACM Computing Surveys, 2019, 52(5): Article No.92.
[3] Mezgec S, Eftimov T, Bucher T, Seljak BK. Mixed deep learning and natural language processing method for fake-food image
recognition and standardization to help automated dietary assessment. Public Health Nutrition, 2019, 22(7): 1193-1202.
[4] Zhang WS, Zhang YJ, Zhai J, Zhao DH, Xu L, Zhou JH, Li ZW, Yang S. Multi-source data fusion using deep learning for smart
refrigerators. Computersin Industry, 2018, 95: 15-21.
[5] Zhu YS, Zhao X, Zhao CY, Wang JQ, Lu HQ. Food det: Detecting foods in refrigerator with supervised transformer network.
Neurocomputing, 2020, 379: 162-171.
[6] Mohammad I, Mazumder MSI, Saha EK, Razzaque ST, Chowdhury S. A deep learning approach to smart refrigerator system with
the assistance of 1OT. In: Proc. of the Int’| Conf. on Computing Advancements. 2020. 1-7.
[7] Aguilar E, Remeseiro B, Bolafios M, Radeva P. Grab, pay, and eat: Semantic food detection for smart restaurants. IEEE Trans. on
Multimedia, 2018, 20(12): 3266—-3275.
[8] Min WQ, Jiang SQ, Jain RC. Food recommendation: Framework, existing solutions, and challenges. IEEE Trans. on Multimedia,
2020, 22(10): 2659-2671.
[9] Jiang SQ, Min WQ, Liu LH, Luo ZD. Multi-scale multi-view deep feature aggregation for food recognition. |EEE Trans. on Image
Processing, 2020, 29: 265-276.
[10] Kagaya H, Aizawa K, Ogawa M. Fooddetection and recognition using convolutional neura network. In: Proc. of the ACM Int’|
Conf. on Multimedia. Orlando, 2014. 1085-1088.
[11] Ming ZY, Chen JJ, Cao Y, Forde C, Ngo CW, Chua TS. Food photo recognition for dietary tracking: System and experiment. In:
Proc. of the Int’l Conf. on Multimedia Modeling. Osaka, 2018. 129-141.
[12] Wah C, Branson S, Welinder P, Perona P, Belongie S. The Caltech-UCSD birds-200-2011 dataset. Technical Report, CNS-TR-
2011-001, 2011.
[13] Bossard L, Guillaumin M, Van Gool L. Food-101-mining discriminative components with random forests. In: Proc. of the European
Conf. on Computer Vision. Zurich, 2014. 446-461.
[14] Chen JJ, Ngo CW. Deep-based ingredient recognition for cooking recipe retrieval. In: Proc. of the ACM Int’| Conf. on Multimedia.
Amsterdam, 2016. 32-41.
[15] MinWQ, Liu LH, Wang ZL, Luo ZD, Wei XM, Wei XL, Jiang SQ. ISIA Food-500: A dataset for large-scale food recognition via
stacked global-local attention network. In: Proc. of the ACM Int’'| Conf. on Multimedia. Seattle, 2020. 393-401.
[16] Chen M, Dhingra K, Wu W, Yang L, Sukthankar R, Yang J. PFID: Pittsburgh fast-food image dataset. In: Proc. of the Int’l Conf.
on Image Processing. Cairo, 2009. 289-292.
[17] Lowe DG. Distinctive image features from scale-invariant keypoints. Int’| Journal of Computer Vision, 2004, 60(2): 91-110.
[18] Krizhevsky A, Sutskever I, Hinton GE. ImageNet classification withdeep convolutional neural networks. In: Proc. of the Annual
Conf. on Neural Information Processing Systems. Lake Tahoe, 2012. 1106-1114.
[19] HeKM, Zhang XY, Ren SQ, Sun J. Deep residual learning for image recognition. In: Proc. of the IEEE Conf. on Computer Vision
and Pattern Recognition. Las Vegas, 2016. 770-778.

© TEBREEEEIEDT  htp/ www. jos. org. cn



4394 BRAFFAR 2022 4% 33 A% 1147

[20] Martinel N, Foresti GL, Micheloni C. Wide-slice residual networks for food recognition. In: Proc. of the IEEE Workshop on
Applications of Computer Vision. 2018. 567-576.

[21] Zagoruyko S, Komodakis N. Wide residual networks. In: Proc. of the British Machine Vision Conf. York, 2016. Article No.87.

[22] Liang HG, Wen XQ, Liang DD, Li HD, Ru F. Fine-grained food image recognition of a multilevel convolution feature pyramid.
Journal of Image and Graphics, 2019, 24(6): 870-881 (in Chinese with English abstract).

[23] Huang SL, Xu Z, Tao DC, Zhang Y. Part-stacked CNN for fine-grained visual categorization. In: Proc. of the IEEE Conf. on
Computer Vision and Pattern Recognition. Las Vegas, 2016. 1173-1182.

[24] Zhang N, Jeff D, Girshick RB, Darrell T. Part-based R-CNNs for fine-grained category detection. In: Proc. of the European Conf.
on Computer Vision. Zurich, 2014. 834-849.

[25] Zheng HL, Fu JL, Mei T, Luo JB. Learning multi-attention convolutional neural network for fine-grained image recognition. In:
Proc. of the Int’l Conf. on Computer Vision. Venice, 2017. 5219-5227.

[26] Yang Z, Luo TG, Wang D, Hu ZQ, Gao J, Wang LW. Learning to navigate for fine-grained classification. In: Proc. of the European
Conf. on Computer Vision. Munich, 2018. 438-454.

[27] ChenY, Ba YL, Zhang W, Mei T. Destruction and construction learning for fine-grained image recognition. In: Proc. of the IEEE
Conf. on Computer Vision and Pattern Recognition. Long Beach, 2019. 5157-5166.

[28] Huang G, Liu Z, van der Maaten L, Weinberger KQ. Densely connected convolutional networks. In: Proc. of the IEEE Conf. on
Computer Vision and Pattern Recognition. Hawaii, 2017. 2261-2269.

[29] Szegedy C, Vanhoucke V, loffe S, Shlens J, Wojna Z. Rethinking the inception architecture for computer vision. In: Proc. of the
IEEE Conf. on Computer Vision and Pattern Recognition. Las Vegas, 2016. 2818-2826.

[30] LinTY, Piotr D, Ross BG, He KM, Bharath H, Belongie SJ. Feature pyramid networks for object detection. In: Proc. of the IEEE
Conf. on Computer Vision and Pattern Recognition. Hawaii, 2017. 936—944.

[31] LiuWY, Wen YD,Yu ZD, Li M, Raj B, Song L. SphereFace: Deep hypersphere embedding for face recognition. In: Proc. of the
IEEE Conf. on Computer Vision and Pattern Recognition. Hawaii, 2017. 6738-6746.

[32] LinTY, PriyaG, Ross BG, He KM, Dolléar P. Focal loss for dense object detection. In: Proc. of the Int’l Conf. on Computer Vision.
Venice, 2017. 2999-3007.

[33] Szegedy C, Liu W, Jia YQ, Sermanet P, Reed SE, Anguelov D, Erhan D, Vanhoucke V, Rabinovich A. Going deeper with
convolutions. In: Proc. of the IEEE Conf. on Computer Vision and Pattern Recognition. Boston, 2015. 1-9.

[34] Rodriguez P, Dorta DV, Cucurull G, Gonfaus JM, Roca FX, Gonzdlez J. Pay attention to the activations: A modular attention
mechanism for fine-grained image recognition. |EEE Trans. on Multimedia, 2020, 22(2): 502-514.

[35] HuJ, Shen L, Sun G. Squeeze-and-excitation networks. In: Proc. of the IEEE Conf. on Computer Vision and Pattern Recognition.
Utah, 2018. 7132-7141.

[36] HuT, Qi H, Huang Q, et al. See better before looking closer: Weakly supervised data augmentation network for fine-grained visual
classification. arXiv:1901.09891, 2019.

[37] QiuJN, PoF, Luo W, Sun YN, Wang SY, Lo B. Mining discriminative food regions for accurate food recognition. In: Proc. of the
British Machine Vision Conf. Cardiff, 2019. Article N0.165.

[38] Min WQ, Liu LH, Luo ZD, Jiang SQ. Ingredient-guided cascaded multi-attention network for food recognition. In: Proc. of the
ACM Int’| Conf. on Multimedia. Nice, 2019. 1331-1339.

[39] Simonyan K, Zisserman A. Very deep convolutional networks for large-scale image recognition. arXiv:1409.1556, 2014.

[40] Zoph B, Vasudevan V, Shlens J, Le Q. Learning transferable architectures for scalable image recognition. In: Proc. of the IEEE
Conf. on Computer Vision and Pattern Recognition. Utah, 2018. 8697-8710.

[41] Woo S, Park J, Lee JY, Kweon IS. CBAM: Convolutional block attention module. In: Proc. of the European Conf. on Computer
Vision. Munich, 2018. 3-19.

[42] Cao Y, Xu JR, Stephen L, Wei FY, Hu H. GCNet: Non-local networks meet squeeze-excitation networks and beyond. In: Proc. of
the Int’| Conf. on Computer Vision Workshops. Seoul, 2019. 1971-1980.

[43] Gao Y, Han XT, Wang X, Huang WL, Scott MR. Channel interaction networks for fine-grained image categorization. In: Proc. of
the AAAI Conf. on Artificial Intelligence. New York, 2020. 10818-10825.

© TEBREEEEIEDT  htp/ www. jos. org. cn



X FU % REHR MM &R T BRIRR 4395

[44] Min WQ, Bao BK, Mei SH, Zhu YH, Rui Y, Jiang SQ. You are what you eat: Exploring rich recipe information for cross-region
food analysis. |IEEE Trans. on Multimedia, 2018, 20(4): 950-964.

[45] Min WQ, Jiang SQ, Wang SH, Sang JT, Mei SH. A delicious recipe analysis framework for exploring multi-modal recipes with
various attributes. In: Proc. of the ACM Int’| Conf. on Multimedia. California, 2017. 402-410.

Bt 325 5 STk
[22] BRI, BIWEH, BRI, BHE, it 2P T B AUR P By . b E EHR EDE 3Rk, 2019, 24(6):
870-881.

XIF AT (1998 —), 5, M4k, FTEHR
SR 2 ARG AT, VSR

FERBQ977—), Ui, ML, R, 1
AR, CCF gk b, ELWHILAIR
HLZERNEIN, ZEEERE, T
T

H K (1985—), U5, ML, mIWF N,
CCF g4 bi, T LW FL A 2 B ik
PR BT AR, fr S

WE1970—), ¥, WL, BHoin, Mt
A S, CCF &+, T AE N £ 4
K2R, FTRTSIE.

© PEFEERK IR s/ www. jos. org. cn



