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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.

3



TERFE RRICKDF

BB BRIRZR(CL D
jJIZIU—ETEE

e FRZRICIISURFFEHIEZALC
BoFY°h5—EX NI S LAREDNE
I H=E71E .

Miyazaki et al. Image-based Calorie Content Estimation for Dietary

Assessment, Workshop on Multimedia for Cooking and Eating Activities,

2011.

(© 2017 UEC Tokyo.

P~ & . ;' ' : ’ g
- Extraction of
/ l multiple features

|

-

3

Feature 1
top n ranked
dictionary data

laverage

X(feature 1)

T

P ,B“i
,<
o -

Feature 2
top 7 ranked
dictionary data

average
A 4

X(feature 2)

Rl

v ri\B‘i
7
(N -

Feature 1
top n ranked
dictionary data

laverage

X(feature 3)

Linear estimation using X(feature 1), X(feature 2). ...

A 4
Estimated value

estimation

4



‘ ._/'fOKYO

ZDDOFEDLER

O)F(CKDFE RRICKDFIE

RIBHJUnfEEHOU—=% FEESIRZR(C LD
R (CHETE 9" B Multi-task CNN. H0Y—=HETE
NIVFHRDFBICKIDBERL. | 3SURMFMSS |.||I|l.||| " |I'I“1“'l

i) 550 keal | HvV/-BOFPIS-CAl @B & MR

DILBEDTERFHE = % &

Feature Feature2 ~  Featurel
top n ranked top n ranked top n ranked
dictionary data dictionary data dictionary data
- . lmmgc ln\cmgt average
Pilaf ..

(© 2017 UEC Tokyo. 5



‘ _/TbKYO

o|lj(CLDHOY —S=HTE

« CNNZHUWEESHEFERMSOHOY =T
« Multi-task CNNI(CLBNOU—=2ERIBHTFIUDREIRFES

................ jJDU_%j:E}:E
——— v —> 335 kcal
fc7c fc8c .
e uNNIIIIIIII PR
._ fc6 N RENT USSR
v le——e— T
N\ L . R
\ 1 \L

Conv layers (VGG16) Fc layers

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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« VGG16, ResNet50/101 (@A L,
RIVFHRDZEBICKDIFBERLEZH:R.
tHES
VGG16 single-task 29.2 1004 0.783 46.0
VGG16
GG VGG16 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 306 932 0.803 49.0
ResNet101 single-task 29.4 94.7  0.797 49.4
ResNet101 )
{ ResNet101 multi-task 29.6 919 0.807 50.8
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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-trainEIL @ fc6 39.8 48.7 46.2

®+@(100) fc6 56.7 65.4 62.3
UEC food-100/256 O+@(100) fc7 57.8 65.7 62.4
fine-tuneE> /)L D +®@(256) fc6 47.8 56.8 54.4

D+@(256) fc7 473 56.3 54.2
Triplet loss D+®(100) fc6 41.2 50.8 48.5
fine-tune £5°)L { D+@(100)+3)(100) fc6 57.7 65.5 62.9
Triplet loss + cls { D+@(100) fc6 65.8  72.1 69.8
~ fine-tune®F )L DO +®@(100)+@(100) fcb 61.3 68.6 66.1
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— @ ImageNetlC K DBRIFERHDVGG16

— @ UEC food-100/256(C L D=FE

— ® UEC food-100/256(C K Dtriplet loss T>*&
— @ UEC food-100/256(C Kk Dtriplet loss + VS AP TES

« FAMNZEFHOY—-—E[HEZTES
TN

D+@(100) fc6 k=5
O+@(100) fc6 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—1OQ
fine-tune®> )L

Triplet loss

fine-tune:E?“)I/{
Triplet loss + cls
Ine-tunet7-

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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. VGG16ZALEIZEDLER.
« FAMCEHOY =SS EEBEHTRT —FTY hEERE
« Baseline (= AXA53%8) : RIB HF Uc_c‘:(c_j]I:IU—ﬂE%':EE.

fxd | #exd | 4ERd
M | EE | R
(%) | (kcal)

EIE  Baseline 324 93.6 0.784 50.0
'}%{ VGG16 single-task 29.2 1004 0.783 46.0
VGG16 multi-task 28.0 96.5 0.805 47.2
VGG16(UEC food-100) 38.0 101.0 0.764 47.2

&3R4 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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