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Food recognition

> Pepperoni pizza




* Food images are everywhere
* Many potential applications

Why food recognition?
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Similarity and variability

Beef vegetable stir-fry noodles
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Dish recognition

Really good,
what is this
exactly?

Automatic recognition system

| don’t know,
let’s find out
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Exploiting context and external data
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Shortlist approach for dish recognition

Estimate
geo-location

Visual classifier

! | Menus

E
..I-IIII-III-IIII. $
ABCDEFGH | JKLMNOPQR ABCDEFGH | JKLMNOPQR




Probabilistic graphical model
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Probabilistic graphical model

* |f we model p(s, k, plug, x) (joint distribution) @) ()
p(s. k, @lng x) = p(@lug)p(kl@)p(s|k, x) >
1 1 1

Location Restaurant Menu+visual
] L . _ location
* By marginalizing we can infer either s, k, @ (i)
— Dish p(s|ug, x) 0
— Restaurant p(k|uq,x)
— Location p((pmq,x)




Predicting dish

K
= Zp(slk,x)j p(@lpg)p(kl@)de
k=1 ¢

* And the predicted dish is
s* = argmaxg p(s| g, x)



Revisiting shortlist

* Neighborhood model: hard circular neighborhood
p(@lug) = [[lo — 1ql < €] A

* Restaurant location model: point
p(kle) = 6l — el

* Visual classifier: global, filtered by menu

p(slk, x) o< ps(s|x)[s € My]
* Dish conditional probability

p(slug, x) o pg(s|x) [S € U M;,

kEH,
with H, = {k|uk € Bq} and B; = {(pl”(p — uq|| < 6}




Better models (Gaussian)

Neighborhood model: Gaussian
p(@lrg) = V(@ 1g Zq)

Z—(Gq O)
a - \0 P O O

Restaurant location model: Gaussian

p(kl@) = N(@; uy, Zg)
. . O'R 0
2 = Zp = ( 0 O'R)

Visual classifier: global, filtered by menu
p(slk, x) o« p(s|x)[s € My]

Dish conditional probability

K
[S € Mk]
p(s|pg x) « pg(s|x) 2 ] N (elpg Zq + Zk)
k=1




Estimating restaurant and location

* Marginalizing p(s, k,plug, x) over s and @
2sem, P(s|x)
p(klﬂq»x) X N(”kl”q» 2:q + 2:k) EIV|1;<Wk|
k* = argmax;, p(k|uq,x)

* Marginalizing p(s, k, (p|uq, x) over s and k
p(@lpg x)

— (p is continuous
— Maximum likelihood estimation
— Not closed form. lterative procedure



Experiments: Dishes dataset

e Restaurants and dishes collected from dianping.com
— Beijing city
— Mostly Chinese dishes
* 187 restaurants
— Menu (=3 dishes/restaurant)
— Dish images (=215 images/dish)
— Geo-location

e 701 unique dish categories (1173 in total)



Experiments: settings

Visual features: CNN FC7 (DeCAF)

SVM: #training 10 images/dish (#test > 5
img/dish)

Dense setting: queries with 2 5 restaurants in
neighborhood

To compare shortlist/probabilistic: align
parameters as € = 30,



Simulating geo-locations for test

* Restaurants modeled as 25x25 m? squares
 Random location in the restaurant: uniform
* Random noise (sensor): Gaussian ;o = 40 m




Results: dish recognition

Accuracy (%)

80
60/ i
X~ .
al%leleleHHk— I S e S

40 —¥— Only visual -

Shortlist
o‘ —#— Probabilistic

207 =% -0Only visual (dense) |

Shortlist (dense)

-L1-Probabilistic (dense)

0 200 400 600 800 1000
£ (meters)




Results: restaurant recognition
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Results: geolocation refinement
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Conclusions

* Dish recognition in restaurants

— Food recognition+context+external knowledge

e Better using a probabilistic framework
— Improves performance

— More robust to the choice of parameters

e Restaurant recognition and geolocation
refinement as byproducts



THANK YOU!



