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Food Image Recognition via Multi-scale Jigsaw and Reconstruction Network
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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 don’t have fixed semantic patterns and specific spatial layout. These make food
recognition more challenging. In this paper, we propose 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

(DCL) to destroy and reconstruct the original image to extract local discriminative details. Feature pyramid module can fuse mid-level
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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 paper also uses both A-softmax
loss and Focal loss to optimize the network by increasing the inter-class variability and reweighting samples respectively. We evaluate MJR-
Net on three food datasets (ETH Food-101, Vireo Food-172 and ISIA Food-500). Our method achieves 90.82%, 91.37%, and 64.95% accuracy,
respectively. The 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 our method.

Key words: food recognition; deep learning; jigsaw and reconstruction; feature pyramid; attention mechanism
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Fig.1 Examples of inter-class similarity(a) and intra-class variability(b) of food images
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Table 1 Statistics of three food datasets
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RICEE S FA L B A UES S WESE PRE S EZ R
ETH Food-101 101 101000 75750 - 25250 ERES
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ISIA Food-500 500 399724 239378 40204 120142 LS

3 ZWERSH

3.1 HiR&E
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TREMG, BEAFAREILT 101000 K& & EHR . VIZERMNRESL IR 3:1 ML EEAT LRIy, TRIFE.

Vireo Food-1721"41& — A~/ 7 [B 3 B H A0 & 5 RS B0 482 S BUR 4R 30 172 25, 3t 110241 K17
Bl . IR, S uEE AR AR 6:1:3 B LL @I BEMLRI 4

ISIA Food-500!"S1 g v [B S FH VG 5 3 3L RIE %, B AR ILA 500 258, B8RO EGEHE KT
500, 3£ 399726 K&K, 1 Vireo Food-172 &I LB —5, MRS WIEEFNMINELR 6:1:3 WL

1 https://vision.ee.ethz.ch/datasets/food-101/
2 http://vireo.cs.cityu.edu.hk/VireoFood 172/
3 http://123.57.42.89/FoodComputing-Dataset/ISIA-Food500.html
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BIBEHLE 73 -
R1ERT=ABEENGHEL, B 5 BR T =M fh s K&

EHT Food-101 ISIA Food-500

Vireo Food-172

‘?

1
& 3 ¢ \
¥ -
)

~

s

AR

550 )1, -

Fig.5 Examples of three food datasets
BlS = oE 4 (0 BB R

3.2 LWGEFMMATISCIN

ARSCE P T B B 0 BENLEL B R BT E N IR AT ISR, SRR EN 09, BUAEEMAKEEN
0.0005, IZRFEMITEN 100, FIUHZIREE N 0.001, &R 2 ANEY FEANEREK 0.9, A PyTorch
YGRS H07E ImageNet B4 Eb (TIN5, 7E VIR BLrbr, ASCAd B HLEL ST . Bl
BUAR P e 2 0o o R R 0 L T R R S R M 5 T v, ZE DR B, AR SCfE A 10-crop Y.

MIR-Net FHEBESH R EWT: 7 RCM B, WETEGHEE NREN 4, R REBEGTES N
A4 ANFEUR, SRERATRENLFTEL . 7EIRIE R U, FECRE r WE N 16, B4k 25 B H AR IE R
i AER M 1160 ET ML H ResNet50, HI 71 2848 FH I JZ 0 A 2%, o2 rI4E B E v 1024, JF
£ ReLU BAEHATIERIG . /3 24 A8 00 2 A T 4% . RRAE 47 35 W 4813 Fl ResNet50 J5 = ANBh B i 1
FHIEAE N P ZAS AR, AR S5 N 256 4. 7E A-softmax 26, KESH m kB N 4, 7 Focal %,
aWBNL, yRERNO02, BIHRREHSMIRINELNREN LMl a=B=y=pu=v=1,
3.3 TN IEHR

R Top-1 WEHZ A Top-5 #EMHZEAE JIFI MIR-Net AT I8, Top-1 HEH 238 FW 1E i i
185 B AR AR BRI E 4 L . Top-5 HEA 26 H5 102 TR0 45 TR w1 1 28 501 o 24 (E 0 2800 1) MR o5 B
FEBMHE T
3.4 FEHEE

AT EBVEA MIR-Net FIIRIMERE, EFMZIERE VGG16 I ResNet50, 55 F 4IRS EG R 5 U5 %
PREF—E MAN R E N 448*448.
3.4.1 f£ ETH Food-101 _F 77 344

# 2 BRT MIR-Net 5 HAbE ARG I =4 Food-101 ERITEAE LR B NE R AT LIS H LU R 4518 -
(1) WRN Fl SENet-154 1% A 547 F H Al ¥ — ) CNN. (2) LT 3T M %% ResNet50, MIR-Net £E R 51
R LA BRI, N 3.42%. (3) ARSCHRH K MIR-Net 7F Food-101 LHUE T 90.82%1 R Bl vER =, 454t T B
B RZHERBEGIRANTIE, NIRRT ZREEETE . FRall, AR5 H K MIR-Net S EEN 53T M
) 22.0%KE A, T2 BAFE & FEAE H = 2T MR = RS IR, HBRBLHA=ADALETME
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SHEZMN, JGHNSEEMITERAHEL 5 T MIR-Net. (4) % fEF] MSMVFA Hil IG-CMAN 1 fl T 44+

MEMEEEARERER, AU BRI AR AT ISR, HHAR R & & R0 07 3% RS F M RE 4L

R EF P4 (W Densenet SENet %), %54 LiR5 &, MIR-Net 7E Food-101 b B A BT 1R I RE .
Table 2 The performance(%) obtained by the proposed method MJR-Net and the state-of-the-art methods on

ETH Food-101
F£ 2 AT H ) MIR-Net 5 HAth 7717 ETH Food-101 k[ g (%)

ik FF M % Top-1 #ER Top-5 HERAZ
AlexNet!!#! - 56.40 -
GoogLeNet[%! - 78.11 -
WARN!I34] - 85.50 -
ResNet50[19] - 87.40 97.40
Inception V3[2°] - 88.28 96.88
SENet154[3] - 88.62 97.57
WRNI21 - 88.72 97.92
NTS(26] - 89.40 97.80
WS-DANI3E] ResNet50 90.13 98.23
WISeR[20] WRN 90.27 98.71
DCLI27 ResNet50 88.90 97.82
PAR-Net!%7] ResNet50 90.40 -
IG-CMAN!38! VGG16+LSTM 90.40 98.42
MSMVFAP! VGGl16 87.68 97.45
MSMVFAPI Densenet161 90.59 98.25
SGLANet!!3! SENetl154 90.33 98.20
2 R ATRHIE 7 55122 VGG16 91.40 -
MJR-Net VGG16 §8.42 97.81
MJR-Net ResNet50 90.82 98.32

Table 3 The performance(%) obtained by the proposed method MJR-Net and the state-of-the-art methods on
Vireo Food-172
3 AL MIR-Net 5 HAh 75 4E Vireo Food-172 1M BE(%)

WARES o RS Top-1 HETH R Top-5 HEWHR
AlexNet!!8] - 64.91 85.32
VGG16B9 - 80.41 94.59

DenseNet16128] - 86.93 97.17
MTDCNNI40] VGG16 82.06 95.88
MTDCNN [#0] DenseNetl6 87.21 97.29
SENet]54085] - 88.71 97.74

PAR-Net[?7] ResNet50 90.20 -
IG-CMANZ38] VGG16+LSTM 90.63 98.40
MSMVFAP! Densenet161 90.61 98.31
SGLANetl!3] SENetl154 90.30 98.03

% WA FURHIE 4 - 35 122 VGG16 90.30 -
MJR-Net VGG16 88.66 97.89
MIJR-Net ResNet50 91.37 98.60

3.4.2 £ Vireo Food-172 17 =4,

% 3 JEoR T MIR-Net 5 HAt A § R 5 7 3:4E Food-172 _ERIHERIZR L. MR a4 (1) SENetl54 [k
AEBIT T HAR A B — CNN. (2) A SCHE H Y MIR-Net ££ Food-172 _FHUE T 91.37%MIR BIVER 2, KR40
ST IE M& SR B, b B RTR A RE T R TV 1IG-CMAN F i 0.74%, BUE 7 ELRR Bl R . (3D
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MIJR-Net {E Food-172 b4 KM B #4915 T 76 Food-101 HUAF AR MERE I £ BAFIE S 735 (1.07%), 1ESHL
HAE DRI T E IR BIPERE . (4) MIR-Net U FH BUR (28 A bR 2 04T I 25, AN 4
SRR BHE BRI B S 5B K T %%, 455 BiRE &, MIR-Net 7£ Food-172 b HAT B IR A 1 GE .
3.4.3 {E ISIA Food-500 - 77V 1¥fli

N T BAETTE R &, A SCIEAE 73— A KL i BHE E 5 4R 1STA Food-500 b iEATSEG . & 4 feon T
MIR-Net 5 At 77 % 4E ISIA Food-500 b R LLAL, MR A%, MJIR-Net 7£ Food-500 LU T 64.95%H]
PR MER A, A T Al & R 7, EEIR I PERE AP SGLANet mith 0.21%. SEIe 5 Rt —DIRiE T
MIJR-Net HJH 2, BEAE R T AN A KRS ) fr R0, 78 &R 2 it 5080 45 1 38 e S B o Ok e

Table 4 The performance(%) obtained by the proposed method MJR-Net and the state-of-the-art methods on

ISIA Food-500
# 4 MIR-Net 5 HAh J5%:7E ISIA Food-500 L)1 BE(%)

Method ET M Top-1 IR Top-5 HEWHR
VGG16539] - 55.22 82.77
GoogLeNetl33 - 56.03 83.42
ResNet152[19] - 57.03 83.80
WRNS50[21] - 60.08 85.98
Densenet161[28] - 60.05 86.09
SENet154033] - 63.83 88.61
SE-ResNeXt101035] - 61.95 87.54
NAS-NET[*! - 60.66 86.38
NTSI26] ResNet50 63.66 88.48
WS-DANI3¢] ResNet50 60.67 86.48
DCLI[27 ResNet50 64.10 88.77
SGLANetl!3! SENetl54 64.74 89.12
MJR-Net ResNet50 64.95 89.29

3.5 jERhsCIS
AT 3 BT MIR-Net &% NAE 2 8 A 2t . B ISz 574 ETH Food-101 $i# 4 F k4T .

Table 5 The performance(%) comparison between Destruction and Construction Learning Module (DCL) and

backbone on EHT Food-101
#5 PR ENYS(DCL)S 3 F M4 78 EHT Food-101 b KIVEAE (%) HL 8¢

WARES o RS Top-1 HETH R Top-5 HERf =
CNN ResNet50 87.40 97.40
CNN ResNet152 88.51 97.72
CNN InceptionV3 84.32 -

DCL ResNet50 88.90 97.80
DCL ResNet152 90.19 98.10
DCL InceptionV3 86.00 -

35.1 IR E M E ST IE B b

AT EEIIEWH IS EM ] DCL A M. L& B AT, AWEZFARKET M ResNet50.
ResNet152 il InceptionV3 LiifTsLEs, MABEMEM 3 #RSE— X E N 4484448, £ 5 E/n 7 DCL 554k
FTREMUHER R . WNEHATLLEH, M TR —HETMY%, DCL it RERA T mEBRAITERE. 4
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ET M ER ResNet50 B, Top-1 #EFIEA 1.50%H%ET, ZHETMAEEFSE InceptionV3 i, Top-1 #HH
B 1.68%MIRTE, T4+ MG RN ResNetl152 I, Top-1 #MEFZEIIE 1.68%K4—TF. HINEM
2 2] Re S A O B E S 0 1 Sl PEARRAE , 3T AR iU P e
352 & FEBIHUR Focal 1%k, A-softmax 51 245 R 40 4

AT E B & F PR Focal #5145, A-softmax KA R M. KR E T, ATWkF
ResNet50 1ENTETML, MR HEER 224%224 1 448%448 L4y BIFHEATIRAE, A4 BB (04 bk .
£ 6 BARTIHASTR MR, Hh FPM RRFHESFHBIL, FA /8 Focal iUkl A-softmax 452k BR%L .
HERTTHL, 78 224%224 [N PR T, “EHRIEN ResNet50 W, 1 FARFIEE FIERESRTE 0.75%[1 Top-
1 #ERiZ. 3|\ DCL J&, FHMEETE ATl 0.63%M) Top-1 HERMZR, % PR3 2% BR I 25 R0 2% RE 2 T
0.63% M HEM 2, FHEE&TFIEMPA MR G N AN BT 1.28% M HEM 2. M P2 BNy 448+448
W, PIE AR RERTE 1.0%MAER R . FRIF & FIE B EE 08 5 202 = 2 TN 45 58 AR 2 2] 2 REFFEM
fE70, BRI ERAIMERE, KT & IR E A M2 0 3.6 5. T A-softmax i H Focal 1%k
T 43 550 A8 R S ) 22 S RIS IE 43 R RE A IO A JEARAL U 28 1 50 7E A 23 W2 b (R S 06 &5 TRAE W) 7 5 5 1A Ak
P

Table 6 The ablation experiment results(%) of feature pyramid module, Focal ,A-softmax Loss on EHT Food-101

%6 LS IR Focal 125, A-softmax 125 7E EHT Food-101 _E (¥ 7H B 5236 45 5 (%)

Jiik IR Top-1 A= Top-5 HEHIH
ResNet50 224%224 84.55 96.88
+FPM 224%224 85.30 96.80
+DCL 224%224 85.68 96.71
+DCL+FPM 224%224 86.31 97.05
+DCL+FA 224%224 86.31 97.21
+DCL+FA+FPM 224%224 86.96 97.19
ResNet50 448*448 87.40 97.39
+DCL 448*448 88.90 97.80
+DCL+FA+FPM 448*448 89.90 98.00

Table 7 The ablation experiment results(%) of the use of feature pyramid module on EHT Food-101
F 7 L& EE I RAE EHT Food-101 - F ¥ Rl S2 36 25 5.(%)

WiRES FRAE4E 5 Top-1 #ER = Top-5 HERGR
ResNet50 2048 84.55 96.88
+ FPM,, 256 83.10 95.54
+FPM ;o4 768 83.64 95.90
+ FPMy 0 2048 85.30 96.80

HE— DML, A SOE e T R 4 R R 7 RS20 e R H R . ST L T, SR R4 k4
ResNet50, HIAZHERUEE Jy 224024, £ 7 Bk T M ANSCI ML IR, ok FPM , 360 T B 44 10 4 7 S
i pyy GKHA p,) HEATASK, FPM o, o oy FOR M 2 506 IR AR A P = (g0 Py, Py} HOMERERE AT 403K,
FPM o 75 AL 4 S S 5 AT 0 2. % 7 9 BUJRIR T L & F I8 R RME 7 28 F & i T
S HAEMAERE . S S RATZ AT R WA — 50, HIZEnT A, PO 4 TR AT 2 SO HE T
AT 0046 1 SRR AT, 35 PR 4 7 B A (RS AE A M (. (— A 256 38 512 46), vkFasri)
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TR BB BRI, AN A R AR R R RS o T T ARRAIE < 85 3047 B I R RE 6 A
P 2% B4 1) GRS () ROST 1R JRS B0 40 ) P AR A, 3 7 8 50 2 = 0 % ) OB SRR AE 2% 2T BB T
3.5.3 VER YA Rk B

A VR 0 AR R T 0 TR S R ALE 3 T () ) T R PR AT AR, S A [ R 8 T BE AT ER A LR
M SR . AL % ResNet50 fEN ML, JEAE DCL bR Fd v 5 B H 1 RE 1K 52
e, ASCEHI T HAM =R Ry B EVE R ) CBAMML, [ {2 7 WA B AN EE VR BT
SRR . R 8 JBIR T & K VE R S HLH] AR I A % H B, P Channels. Self-attention
Channels&Spatial. SCI 7 /N @EER ). BEE) @EMSEFER M EAMNEEFEE 1. HE5,
A TN 73 A (224%224) A BRI SR AR SCHR Hh AR GE 3 VA 3 0 RS BE 6 T SR B T 20 SR M E.(0.82%), B X
T T R A R AT A LA 4 ) ) A P o A R 1 5 e RR BRI RE DR DR . AR R HEER Y
FNEMG DS E S AE BRI ERRTT (0.70%). 3 B ANEE S 3R R B iR T
(1.03%), {HFEE 7 HER B R, M RESR TR B2/ (0.20% ). 24 I T8 AN 2 ) VE 2 00, PEREIRFH(0.59%)
T A — I VE R /1(0.82%), Ut B i R T ANAEAE R OS5 A0 (5 02, AR MR P 22 18] B FR 7 B o LA SR i
FHER N A BER 0 R AR A AR (0.02%), Ui B £ i BUE R A7 AE B B I K BE B AR R &

Table 8 The performance(%) obtained by various attention mechanisms on ETH Food-101

# 8 KK EJIHUHITE EHT Food-101 b 1M B8 (%)

Fi: BN PR Top-1 #ERf Top-5 HERf
DCL 224%224 85.68 96.71
+Channels 224*224 86.50 97.30
+Self-attention 224*224 85.70 96.87
+Channels&Spatial 224*224 86.27 97.12
+SCI 224*224 86.71 96.92
DCL 448*448 88.90 97.82
+Channels 448*448 89.60 98.15
+ Self-attention 448*448 89.30 97.90
+Channels&Spatial 448*448 89.56 98.10
+SCI 448*448 89.10 97.80

3.5.4  A[EIFN G F B0 VAR I R

KSCEARTE T RN R, 224%224 T 448*448, XF T 5 B IR BIPERE RS2 . AT 7E DCL M 2%
TSI . R 9 JER T RN R R B MR R L. R RI, M T M # H ResNet50 B, AHLL
TN R BN (224%224), A8 K 20 3% 28 (448*448) BEME 4R TF 3.22% M0 2 R uEmR 2, T 24 LT M 4% 48
DenseNet161 B K% A7 # R FIRERE T R 1.80%M04R T LI 4E R, (A Ko #RE GRS H IR &
B RIR A R

Table 9 The performance(%) comparison of different resolution (224*224 and 448*448) on ETH Food-101

F 9 224%224 il 448448 B Fhig N\ 73 #Z4E EHT Food-101 14 & (%) LU L

WA HER FEF ML Top-1 #ERf = Top-5 HEWRR
224%224 ResNet50 85.68 96.71
224%*224 ResNet152 87.00 97.44
224%224 DenseNetl161 88.50 97.80
448*448 ResNet50 88.90 97.80
448%*448 ResNet152 90.19 98.10

448*448 DenseNet161 90.30 98.11
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3.5.5 ANFNVEVE TG ELH N XTI RE A5

BB, ARSGEERTT T A FFRE T EGEHE N TR, N g T DCL a7 BRI R
S NBUNEIIEA TR R SO 3 10 ATAN, 7R 224%224 (3 HERE R, N WREN 4 A BRALH )
ME . (E 448%448 PR, N BN 4 WA RUKPERF . SCIRLRERY, A BG )R Sk
FERFAER) RBERCR, TR BE AR T RAAE ) S 384, BB/ N RE S AR ORRE B2 1 R B 5 5 1 )= B A SR AE

Table 10 The performance(%) of different number of confusion sub-image in MJR-Net on ETH Food-101
%R 10 MJR-Net FARIRE T BB H N /£ EHT Food-101 E [ ERE(%)

RETEGHE N i S Top-1 #ERfHR Top-5 #EIH
4%4 224*224 87.52 97.34
77 224*224 87.47 97.40
14*14 224*224 86.87 97.15
4%4 448*448 90.82 98.28
7%7 448*448 90.64 98.32
14*14 448*448 90.40 98.35

35.6 MBI AT

K HE— B4 T MIR-Net (SRS 245, = F M%)y ResNet50. % 11 875 T MIR-Net KI5 245 /047
SR, FESNONEI A RS E R BTSN SR 5ot R, 5]\ DCL BRI R & E
AT T AT LA LIS, 51 NRHIE G IO I S8 EAUN 2.7M, 0 EF MK SHER 11.5%,
H3I N\ DCL FFHIE S F IS LA B ) E . A MIR-Net 5IAMSHEL N 5.3M, U HE
FMESHEN) 22.0%. LM, DCL MFHEL FEBIIAR S 51HE, Fil MIR-Net IS HE
XN 2.5M (4115 10.4%), AN EA A 0.011G. Bl MIR-Net (A8 55 4 FE AR, 7R304 &R il ok
R 14D R BT 3 3 A 4 e )V B AR

Table 11 The complexity analysis of MJR-Net
#* 11 MIR-Net (I 4% B 43 b7

TS Params(M) GFlops(G)

HERNE

ResNet50 23.948 4.132

+DCL 23.954 4.132

+FPM 26.702(+11.5%) 4.132

MJR 29.223(+22.0%) 4.143
WY B

ResNet50 23.948 4.132

MJR 26.443(+10.4%) 4.143

3.6 AIALILITHR

N T B IRAE T A R, AT MIR-Net #EAT @ MES- BT A FT AL . B 6 /2 MIR-Net 7£— 2441
an BRI AL AT 45250, RS A AT RoR — R BB AE AN R R AT R4 (K e Ja — DB RUR 5 21
M. Kb @M ERGEE, (b)yAN DCL H 2B HHEA I E, (MM FPM i3l 2k DCL 2
FIRRAER ST, () INASTIR ) MIR-Net w22 S A9 L i 3 O 3 21 60 27 I 2 068 I 7 X3 0%
R IR N . ATLUE Y, BRI IR I 7% DCL 7] T~ 4248 f B S M 2H0RL BE ARFAIE , A5 45 D00 2% B G
e H ARG R 8 DX (BT 6(b) B ), (H i T8 il TR AN L 28 [ 1 i OB, HL 208 ROT i BR i1, DCL
B (AL BERFAEAS 2 PAIX 70 B RO IRVE PR M B Wb R0 o 5INRFAE & 7 55 Ja 25 1 N 48 1T LRI AN [RDRE EE (1 48
RLEEALBERAAE, TSRS F & 102 REEAAMERER 2. B 6 sharAE . AHELT M DCL 43 2 137 18



XFH F: FIEFENE REAFEEEMNESHR MR 15

(K 6(b)) Ml AL B 7 A B 2R 5 A5 BRI B (B 6(c)) REMS IR & il RUBE A0 = A 1 20 o SRR W]
FERHIE & TR BV BIIZR R, T MK REE 4 105 2] 2 RUZ IR R AE . MIR-Net £E4FAE €735 AU AL fifi b
SUNTER AU RS AR AT IG5, S o S (8] f B R AT A DL s A ) M AL R, S e S T
P, AT 75 I 26 RE 08 0 7 S ) ek DX, T AN P e SR 1 SR 45 B (B 6(d) s, AHEL T 6(c),
IR ST A 3 Pk A A e 0 DRV B, T X R Y SR JEE 2 BRI » LI 6 Je 35— 47 i B X W5k & 9 ], DCL
RE % TE A J) 8 B ARORE P DX s, 22 BRSO P 0 R AR, (IR SEARFAE AN A2 LUK L 5 3R 51K 95 (DCL 1) T 45
RVX T o FFAE G T BB TT USRS 2 ROBE IR AR A, (EEh Tl B T 28 J0 R MR s 5, 45
L8 R b K G TR g kS ) R o T AR SCHRE HH ) MIR-Net 38 1o {87 Fi G0 308 V3 R 0 KRR AE EAT 3 58, {345 X 2% ]
LIOKE Tt 1) 7 o 28 it PR B0 o e DX, D2 o 9 S5 S8 0 R M6 7 0L (R PRI s, 8 10 R VA 7 i 7 o
Xg b, DRk AR B T O i s o

(b) ()
Fig.6 Visualization analysis of MJR-Net, (a) original image; (b)heatmap obtained by DCL; (c) heatmap
obtained by DCL and FPM; (d) heatmap obtained by MJR-Net
Kl 6 MIR-Net AL AT, (a)FaHEIE: (b)DCL 331 # 1 &l (c)FPM #1 DCL 3 3| 134 )
Kl (d)MJIR-Net 15 3| ) # 11 [&

_ETH Food-101 Vireo Food-172 ISIA Food-500

Fig.7 Confusion matrices of MJR-Net on three datasets
7 MIR-Net 7E = Hii £ b 1R R
BT R, RS B R R B BRIEAT . B 7 R T MIR-Net 7 =M UE S B IVIREHEFE,
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Bl 8 kP eon 7 — SR R R R FTUUE ), R L LR A B A, AR
FLARE DAL SR SR H X 2O o Ja BT DL RE A — SR A (0 AR S (B A TR S ) R A B £ I AROR
50, LA HA A7 BE 3 A0 S0 ARF (AR AL £ i o

¥ A A T

-1 SPEARIR A T HEAE

Fig.8 Examples of misclassified images of MJR-Net
Kl 8  MIR-Net M%7y FEI15 2441

4 LEig

AR T — A MIR-Net B980 & BGRA T35 O 138 & 8 i MR ARL R A0S ml, AT T BOR B A
SEOIREY, AR SR G AR DO IR AN EE S, DASIR Al 0 4 SCTE R F K ) MR A TR AE . A T IE A AR
BOA 8 B R ABIE SCHIRE AR S A8 PR IE < 5 S Bk 42 4 22 ROBZ R AR 8] 52 18 URFE. e, N T
T i PR AR W A 22 0 7 (1 )R, AR SO B A P S T L X PR AR AT 1 9, 38 o X AN R AL 1B
(1 R P HEAT AR A DU SR AP AL A 3, BRI A T3, SRER SRR, A SCHR 1 MIR-Net /£ =4
B BE AR B B R RE . AR R I AR, BRATTRE 3 BRI U AR (A A B BRI M R el
BMELR, WS EA) I i B ERRA TT A ERe .
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