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1.Background : Relationship between food area estimation and calorie UEL

There is a big relationship between food area and calories.

Food area Calorie

59.4cm? 89kcal
115.1cm? 177kcal
160.0cm? 354kcal
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Segmentation is essential

for calorie estimation
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1.Background : Relationship between food area estimation and calorie UEg

To estimate calorie:

=>actual size and calorie value are needed C . .
Calorie-Size relation

shrimp with chili sauce
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1.Background : Relationship between food area estimation and calorie UEg

In the case of meals containing multiple item, each category need a
relationship of food area and calorie content.

Rice Fried chicken
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1.Background : Relationship between food area estimation and calorie UEg

In the real situation, nutrition labeling shows only total calorie content
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2.Purpose for research UEC

Purpose for fesearch
Estimate the calorie contents of each food category from single image

training with known total calories.
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3.Literature review : Estimating calorie content of multiple items bt

Ege et al.[1]

= estimate calorie from each food item using detection model.

Calorie estimation

n——mam —> 335 kcal

Conv layers (VGG16)

T. Ege and K. Yanai. Estimating food calories for multiple-dish food photos. InProc. of Asian Conference on Pattern Recognition (ACPR) 2017 % 5| FB Out of 34 ﬂ J o



3.Literature review : Estimating calorie content of multiple items bt

Ege et al[1]

= estimate calorie from each food item using detection model.

Calorie estimation

n——mam —> 335 kcal

N Each food item need individual
Conv layers ( calorie data

T. Ege and K. Yanai. Estimating food calories for multiple-dish food photos. InProc. of Asian Conference on Pattern Recognition (ACPR) 2017 % 5| FB Out of 34 “ N



4.Methodology

1.Dataset

2.Model

Segmentation part

Calorie estimation part
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Multi calorie vector
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2 . 200kcal
3 . 220kcal
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5. Methodology : Dataset UEC

Requires total calorie content dataset with mask image

= Collect data from the Inzai city’s Lunch Center website.
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5. Methodology : Dataset

Create a dataset by adding a mask image using the annotation tool

* 474 learning images and 119 evaluation images

60 different meal categories
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5. Methodology : Dataset UEC

Number of images for each category in the dataset

Top 5 categories Bottom 5 categories
Milk Spring roll
Miso-soup 321 Fried noodles 5
Japanese salad 273 Fried smelt fish 5
Rice 265 Oden 4
Green salad 225 Sausage 2
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5. Methodology : Model UEC

Deeplab V3+ as calorie estimation model

= Adding calorie estimation branch
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5. Methodology : Model UEC

Consists of Segmentation part and Calorie estimation part
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5. Methodology : Model Overview UEC

Consists of Segmentation part and Calorie estimation part
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5. Methodology : Segmentation part UEC

Train Deeplab v3+ using our dataset

=mloU 0.48 Acc 0.61

...........................................................................................................................................................................................
o ',

( —
3x3 Conv /
rate6 |
3x3 Conv /
rae 12 | >
f
rate18 | o
| f
\. [ Pooling | ™| J )

Upsample }
Low-Level pb 4p <

>
A

-==

Features

‘, l
1x1 Conv| —» |ﬁ—> —»@—» 3x3 Conv|—» Upzarzple

Prediction

_‘ ~
Out of 34 ﬁ




5. Methodology : Segmentation part UEC

Train Deeplab v3+ using our dataset
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5. Methodology : Calorie estimation part e

Apply conv. to convert image feature into calorie feature map T.4;orie

= corresponding to calorie amount on each pixel

hal)—gKE~y 7°Tcalorie
ERSHEHE [c(60) , w(191), h(191)]

- —

C(60 categories)xW(191)xH(191)
Same size as segmentation map
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5. Methodology : Calorie estimation part UEC

Convert segmentation map into one-hot tensor T,,,o_n0¢

=corresponding class : 1, other: 0
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Tone—hot
[c(60), w(191), h(191)]
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5. Methodology : Calorie estimation part UEC

Convert segmentation map into one-hot tensor T,,,o_n0¢

=corresponding class : 1, other: 0
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5. Methodology : Calorie estimation part

U
/ _._-/Tbl(vo

Hadamard product T,;prie and T,p0—nor = Average pooling = Sum pooling

— Caliculate calorie vector v, corresponding to calorie for each category
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5. Methodology : Loss function UEC

Weighted absolute error and relative error

(A=1.0(v—g =0) L v —g]
A =12(otherwise) "¢ ¢

Lap = Alv —gl+

Total loss function

Leai = AabLab + AreLre

« v s the estimated total calorie of each food category
 gisground truth total calorie

*  Ay4p(=0.01) A,-.(=0.1) are hyper parameter weighting each loss.
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6. experiment D_,EQ

Estimate ...
e total amount of calories

e calories of each food items
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6. experiment UEC

Comparative experiments in three models
e Model A : directly estimate total calorie

e Model B : Model A + category label

Train multi-label classification model (VGG16) = add calorie estimate branch (FC) after conv.

 Model C (ours) : segmentation + calorie estimation

e Egeetall[l] : ditection = calorie regression
for each food item

Nash, Will, Tom Drummond and N. Birbilis. A review of deep Iea@i@ﬁ in 7 tudy RS
of materials degradation. npj Materials Degradation 2 (2018): 1-12: 8 | FA



6. experiment

/ " TOKYO

Absolute error on total calorie amounts (kcal)
model school lunch (22) | school lunch (60)
model A (direct regression) - 45.0
model B (multi-label) - 44.2
model C (Ours) 74.5 74.8
baseline (Ege et al. [11]) 136.8 -

Error in each category
has been accumulated
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6. experiment

/ ._._-/Tbl(vo

Average estimated calorie amounts of common 13 category food items in 60

categories (kcal).

Category Model A | Model B | Model C | Ref. Calorie
Milk 145 457.6 125.3 130
Rice 121 50.9 209.4 250
Mixed rice 10.6 2L 220.2 250
Bread 10.8 79 190.3 220
Japanese salad 11.9 35.1 60.2 50
Green salad 11.9 33.0 68.9 50
Grilled pork loin 12.2 2.5 74.4 240
Grilled chicken teriyaki 11.6 20 35.8 300
Miso soup 10.3 59.9 147.6 159
Minestrone 11,1 15.5 141.4 159
Fruit punch ML 5.2 68.1 50
Jelly 11.3 gl 554 39
Oranges 9.6 0.5 45.5 50
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6. experiment

/ _._-/Tbl(vo

Average estimated calorie amounts of common 13 category food items in 60

categories (kcal).

Grille

~ |

Category Model A | Model B | Model C | Ref. Calorie
Milk 145 457.6 125.5 130
Rice 121 20.9 209.4 250
Mixed rice 10.6 21.7 220.2 250
Bread 10.8 7.9 190.3 220
Japanese salad 11.9 35.1 60.2 50
Green salad 11.9 33.0 68.9 50
Grilled pork loin 12.2 2.5 74.4 240

Our Model C is the most reasonable for
estimating calorie in each food category
training from total calorie.
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7.Future works D_EQ

Experiment is still small scale, not generic.
* Dataset expansion

* Cost reduction for annotating segmentation dataset
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8.Conclusion LA

Conclusion

Proposed method that estimate calorie for each food category training
from total calorie.

Adding a calorie estimation branch to semantic segmentation model.

In experiment, proposed method can estimate the calories of multiple-dish
school lunch dataset in high accuracy.
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