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Fig. 2 Food image categories (a) and ingredients (b) on Food-101 dataset
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Table 1  Comparison of the proposed model with
current methods on Food-101 dataset %
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ResNet50124) 88.11  73.45  80.11
ResNetl0l 91.23 82.81 86.82 91.66 81.20 86.12
ARSCHER 91.07  85.73  88.32  90.51 83.03  86.61
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Table 2 Experimental results on Food-101 dataset

with/without data enhancement %
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Table 3  Comparison of the proposed model (enhanced) with
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Fig. 5 Examples of multi-label classification on Food-101 dataset

JERRL :

Crushed pepper, Pepper slices,
Streaky pork slices,

Garlic leaves

ResNet101- top10:

| Pepper slices Cucumber slices
treaky pork slices  Shelled fresh shrimps
arlic leaves Pumpkin blocks
Seared pepper Crab sticks
“ W Crushed pepper Chives
ML_GCN-top10:
Pepper slices Cucumber slices

Streaky pork slices (41, ricks

Garlic leaves Shelled fresh shrimps

Crushed pepper  pumpkin blocks

| Tomato sclices Crushed hot and dry chili

JERL KL :

Minced green onion

Pork chunks

ResNet101- top10:

Pork chunks Chopped chives

Minced green onion  Streaky pork slices
Seared green onion
P

Pork slices
epper slices Crushed garlic

Cured meat chunks ~ Yellow peaches

ML_GCN-top10:
Minced green onion  Sirealy pork chunks
Pork chunks chiffonade of green onion
Cured meat chunks  Chopped chives

Seared green onion  Sireaky pork slices

Pepper slices

Chili oil

Bl 6 VireoFood-172 BB I ZHRE5rI5 0 — L]

Fig. 6 Examples of multi-label classification on VireoFood-172 dataset
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Abstract People’s awareness about their nutrition habits is increasing. Keeping track of what we eat will be helpful
for us to follow a healthier diet.Currently, nutrient recognition of food images is mainly focused on food categories
recognition , or is tackled as multi-label task recognition.These two approaches, however,are not very discriminative
owing to their neglect of potential relationship between ingredients.In this paper,we introduce the relationship be-
tween ingredients to identify food nutrients based on previous work.The recognition approach includes two modules,
namely the image feature extraction module and the ingredients relationship learning module. The low-dimensional
image feature vectors are extracted by convolutional neural network ( CNN ), and the relationship between
ingredients is learned through a graph convolutional network ( GCN).Specifically , GCN uses graph data where nodes
represent food ingredients as word embedding and edges represent the correlation between nodes.Then the GCN di-
rectly map the graph data into a set of interdependent classifiers.Finally, the low-dimensional image feature vectors
are fused to make detailed classification. We conducted experiments on food data sets of Food-101 and VireoFood-
172.Compared with state of the art food recognition methods, our GCN-based multi-label food image classification
method offers very promising results and can effectively improve the recognition performance.

Key words multi-label classification ; food ingredients; food images; convolutional neural network ; graph convolu-

tional network



