Image-Based Food Calorie Estimation Using Knowledge on
Food Categories, Ingredients and Cooking Directions
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Search-based food calorie estimation with conventional features. Correlation coefficient 0.78 | 0.82 | +0.04
Similar image retrieval with SURF and color histograms and so on. Within 20% error 46 % | 50 % | +4 %
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truth Spaghetti Curry Miso soup Miso soup truth Stew  Potato salad Miso soup Curry
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y is an estimated food calorie.
g 1s ground-truth.
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(3) Food Ingredient Ioss, n(4) Cooking Direction loss: (mean squared error) ’ Direction vec.

ng,dlr — 2 (yk gk)z ( g is a ingredient/cooking direction vector. )

/// ‘\bki\
- = g ’./ \"‘ | s } i o
Ingredients d
\gredients

We collected recipe data from the online cooking recipe sites. S Spaghettl 491 kcal RS 5mlf<%%5ga 405 keal
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rotini or fusili pasta [0.053423 -0.087293 ... 0.007234]
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i s s g0 oo e i Conclusions & Future work
— — We proposed food calorie estimation with a multi-task CNN.
\ Multi-task learning improved both food calorie and category estimation.

pasta 10008433 0046298 .. 0023428 We constructed a new calorie-annotated food photo dataset.

deep skillet [0.023982 -0.004298 ... 0.073249] — [0005998 -0035861 0019575]
crisp [0.003428 -0.092392 ... 0.006345]

Cooking directions vector Food calorie estimation considering the volume of foods.
Construction of large-scale calorie-annotated food photo dataset.
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