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Ege and Yanai. Simultaneous estimation of food categories and calories with multi-task cnn. In Proc. of IAPR

International Conference on Machine Vision Applications(MVA), 2017.
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Miyazaki et al. Image-based Calorie Content Estimation for
Dietary Assessment, Workshop on Multimedia for Cooking and
Eating Activities, 2011.
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Ege and Yanai. Simultaneous estimation of food categories and calories with multi-task cnn. In Proc. of IAPR
International Conference on Machine Vision Applications(MVA), 2017.

(© 2017 UEC Tokyo. 6



‘ _/TbKYO

o0|JF: Multi-task CNNDE A
- EXRBEEIINOV-=HETEDOR L., & BIBHFTTVUSFEO
A Lgr OFRAZA.
— HOU—=HTFEDOR Loy (FHEMEEE L, LIEWTERE L, OfF
iZill
Lab = yi — gil  Lye = |yi;gi’

— REENFTTUSEEOR Loy (FYIIYIRAIOAT> MOE -,

(© 2017 UEC Tokyo. 7



B ERREICLDHOU —BigE UE
CNNN—XDiEFEFEDE A

BFRZR(CKIDHOY —=SHEEFIA
» HOV-EMEFEIEERT —IN-ADIBEE.

- BFIFHECE DS UEFRZIRZR.
— AHZETIECN Nﬁﬁzﬁg’cﬂﬁ

« RERSNEEFEGOHNOV-SENSHEE.

(© 2017 UEC Tokyo. 8



B3 EIRIRR(C LB 00U —@itE
CNNAR—XDIEREFEDEA

EPEEF 8 (C KD EFKFEE DL
L¢

 Triplet loss Ly &£H70

o I

U0 Le,, Le L. b otk \‘
— _ i 1| . %)
ICEDVGGL62FE. | 2= H
1 )
i| f+ (Fc6 f (Fc6 G
o é%ié;§®5§’|$1l_§%@ I activation) activation) activation) ig
n| = : 1Q
= I |3
BEFEH=ECEUTER. ; . e\ i3
| < s | ia

Triplet: J. Wang5, “Learning fine-grained image i‘ o % E

similarity with deep ranking,” CVPR, 2014. = SNCoEmmmom e om e ey e p—

Triplet+class: E. Simo-Serra’s, “Fashion style in 128
floats: Joint ranking and classification using weak
data for feature extraction,” CVPR, 2016.
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[1] Matsuda et al. Recognition of multiple-food images by detecting candidate regions. ﬁ&
In Proc. of IEEE International Conference on Multimedia and Expo, 2012. —
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e VGG16, ResNet50/101(CEA U,
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fexd | 488 [ < 20%

(FHxTER

=) (%)

VGG16 single-task 29.2 1004 0.783 46.0

veets VGG 16 multi-task 28.0 96.5 0.805 47.2

ResNet50 single-task 31.1  96.7 0.789 47.0
ResNet50

ResNet50 multi-task 306 93.2 0.803 49.0
ResNet101 single-task 294 947 0.797 494
ResNet101

ResNet101 multi-task 296 919 0.807 50.8

78.7
83.2
83.7
83.9
83.8

82.0
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TmEER BRI UEC

ZFETILHSESNBIIFHEICKDE LTI VEIGTIRER
— @ ImageNet(CKDBRIZEZRHDVGG16

— @ UEC food-100/256(C K DEH

— @ UEC food-100/256(C K Dtriplet loss CTF&

— @ UEC food-100/256(C &k Dtriplet loss + VS ANDETES

y TXI\(L_(Q:ijIJ_E'f__I-gﬁz BT — Sty hafER
_____EFL | mAP@1 mAP@5 | mAP@10.

ImageNet
ore-trainEFIL L Ofcs 39.8 487 46.2
@D +®@(100) fc6 56.7 65.4 62.3
UEC fOOd-10_Q/256 O+@(100) fc7 57.8 65.7 62.4
fine-tunet®>")L D+Q@(256) fc6 47.8 56.8 54.4
D+@(256) fc7 473 56.3 54.2
Triplet loss ©+B3)(100) fc6 41.2 50.8 48.5
fine-tune€>"J)L @+®@(100)+B3)(100) fc6 57.7 65.5 62.9
Triplet loss + “class @O+@®(100) fc6 65.8 72.1 69.8
fine-tune®=J)L DO+®@(100)+@(100) fco 61.3 68.6 66.1
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D+@(100) fc6 k=5
O+@(100) fcb k=10
D+®@(100) fc6 k=15
®+®(100) fc6 k=15
D+®@(100)+®(100) fc
DO+@®(100) fc6 k=15
DO+®@(100)+@(100) fc

UEC food-1 00
fine-tune®>)L

Triplet loss
fine-tune®>)L

{

Triplet loss + class
fine-tune®>J)L

SESRT — 17wy M {ERE

4E B
&R
376 103.2 0.748
379 1020 0.761
380 101.0 0.764
48.8 1145  0.685
6 k=15 384 1015 0.754
340 945 0.783
6 k=15 36.7 98.6 0.777
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e VGG167x HUL\JZIZEDEEER.
- FABMCFHOY —=2[ESEFRFT -T2V MEFER.
« Baseline (S A% RIBHFTJVUC & (CHOY —E%E

iE.
x| e | BB | < 20%
RE | BRE | FRE | (EXER
(%) | (kcal) =)(%)

EXE  Baseline 324 936 0784  50.0
VGG16 single-task 29.2 1004 0.783 46.0
IEI')%{ VGG16 multi-task 28.0 965 0.805 47.2
22 L *VGG16 multi-task(+ BEM, #HEFIE) 274 912 0817 50.1
VGG16(UEC food-100) 380 101.0 0.764 47.2
TRZ 4 VGG16(ImageNet) triplet + class 34.0 945 0.783 49.5
VGG16(UEC food-100) triplet + class 36.7 98.6 0.777 48.1
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FHFIVICHITS
. 15948
MOTUEge——  uas
06 )& VGG16 single-task 0.184
VGG16 multi-task 0.186
0> @2z <« VGG16(ImageNet) triplet+class 0.113
04 VGG16(UEC food-100) triplet+class O 128
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« BIEE 15 BT UL DOEREER U, #EEHTT U
R L AREND —BAEREEGST -5
v hziER. (55168,7741)
~ ¥8:80%, T A :20%

x| x| 8B | < 20%
IRE | BRE | BRI | (#EXIER
(%) | (kcal) =)(%)

5% { VGG16 single-task 60.0 1320 0436 235
VGG16(ImageNet) 1215 1429 0330 247
VGG16(UEC Food-100) 939 1308 0409  26.8

B VGG16(ImageNet) triplet+class 90.2 128.9 0.428 26.7

VGG16(UEC Food-100) triplet+class 93.1 1315 0.396 26.6
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EIgE | ISR
BAREL | DFH(%)

VGG16 single-task 0.184 78.7
VGG16 multi-task (+cat) 0.186 83.2

VGG16 multi-task (+cat+ing+dir) 0.188 85.0
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Salvador, A.5, "Learning Cross-modal Embeddings
for Cooking Recipes and Food Images”, CVPR, 2017
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* ﬁ‘%ijn/\%, 7@5@ n/\;E

rel. err.(%)
20% err.(%)
40% err.(%)

abs. err.(kcal)
correlation

Vi Vi

only L.
only Lab
L'l'e -1 Lab

29.4 1059 0.776 420 77.0
09.8 1349 0.589 36.7 63.5
29.4 100.7 0.778 45.9 77.7
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e VGG167x HUL\JZIZEDEEER.
- FABMCFHOY —=2[ESEFRFT -T2V MEFER.
« Baseline (S A% RIBHFTJVUC & (CHOY —E%E

iE.
x| e | BB | < 20%
RE | BRE | FRE | (EXER
(%) | (kcal) =)(%)

EXE  Baseline 324 936 0784  50.0
VGG16 single-task 29.2 1004 0.783 46.0
IEI')%{ VGG16 multi-task 28.0 965 0.805 47.2
22 L *VGG16 multi-task(+ BEM, #HEFIE) 274 912 0817 50.1
VGG16(UEC food-100) 380 101.0 0.764 47.2
TRZ 4 VGG16(ImageNet) triplet + class 34.0 945 0.783 49.5
VGG16(UEC food-100) triplet + class 36.7 98.6 0.777 48.1
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