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Fine-grained food image recognition of a multi-level

convolution feature pyramid

Liang Huagang, Wen Xiaogian, Liang Dandan, Li Huaide, Ru Feng
School of Electroinics and Control Engineering, Chang'an University, Xi'an 710064, China

Abstract: Objective Food images have special characteristics, uncertainties in food appearances, complex backgrounds,
inter-class similarities, and intra-class differences. Hence, these images are more difficult to identify than ordinary fine-
grained pictures. Traditional food image recognition mainly uses manual design features, including color, histogram of ori-
ented gradient (HOG) , and local binary pattern (LBP) , then utilizes a classifier (e. g, support vector machine (SVM).)
to deal with features. However, manual design features cannot establish the connection between various features. Several
integrated feature methods only superimpose numerous features; thus, the recognition accuracy on each food image data set
is up to 70% only. Compared with the weak expression capability of manual design features, deep learning has a stronger
feature representation capability. They both use large-scale, labeled food images to train multi-level convolutional neural
network models for food image recognition to improve recognition accuracy. However, in the current method of using the

sonorous convolutional neural network for food image classification, the food image is directly inputted into the convolutional
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neural network to extract features. The food image has a relatively complicated background information, which critically
influences the recognition result. We developed a model called multi-level convolution feature pyramid for fine-grained food
image recognition to improve the accuracy of food image recognition and take full advantage of the local details. Method We
extracted features from the whole to local, which not only avoids the shortcomings of baseline methods but also retains the
global information and local details. We extracted features only from the target areas of the food image and discarded the
background information with large interference. The multi-level convolution feature pyramid model consists of three main
parts, namely, food feature extraction, attention localization, and feature fusion networks. The single-level feature extrac-
tion network cannot obtain the global and local features of the food image simultaneously. We developed a three-level food
feature extraction network by cascading, which can transfer features from global to local. Moreover, a feature pyramid net-
work was constructed between the feature maps of each food feature extraction network to deal with the large variation of food
image scale. To automatically locate the network to the fine-grained area, an attention area localization network was
designed between the levels of the feature extraction network, and the feature extraction range was reduced from global to
local. Then, the fine-grained area of the original picture was cropped, enlarged, and inputted to the next-level feature
extraction network. The features extracted by each level of the feature extraction network were subsequently sent to the fea-
ture fusion network. The merged features included the global features of the food image and the detailed features of the food
target. For our model, two loss functions were used to optimize the feature extraction, feature fusion, and attention localiza-
tion networks. For the feature extraction and feature fusion networks, the SoftMax loss function, which is referred to as the
classification loss function, was used. The inter-stage loss function was utilized for the attention area positioning network.
Result We adopted step-by-step and alternating training methods to train the feature extraction and attention localization
networks and the cascade model separately. We conducted experiments on current mainstream datasets of food images. Our
model obtained the top accuracy rates with 91.4% , 82.8% , and 90.3% on Food-101, ChineseFoodNet, and Food-172
datasets, respectively. The implemented framework showed the best performance compared with baselines for food picture
recognition, with 1% ~ 8% improvement in recognition accuracy. Moreover, we trained the model in the Food-202 data-
set, which we constructed ourselves, to verify the performance of our model fully. Food-202 is a food image dataset of 202
classes, and the number of food images in each class is more than 1 000; it includes Chinese and Western food. Results
show that the accuracy of the model with the feature pyramid network increased by 2.4% . Conclusion We built a fine-
grained food image recognition model with a multi-level feature pyramid convolutional neural network. The model can auto-
matically locate areas with large discrimination of food images and integrate the global and local features of food images to
achieve fine-grained recognition. It can effectively enhance the accuracy of food recognition and the robustness of the target
size. Experimental results show that the proposed model demonstrated better performance than the baseline models in cur-
rent mainstream food image datasets.

Key words: food picture recognition; convolutional neural network; attention network; fine-grained recognition;
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Fig.4 The diagram of attention template

((a) coordinates of attention area; (b) attention template)
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Fig.5 Partial samples of Food-202 dataset
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Table 1 = Training details for our model
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R2 AXHBGHMEETE Food-172 Fn
ChineseFoodNet %15 i) Lk 5%
Table 2 Comparisons between our model and other
models on Food-172 and ChineseFoodNet datasets
/%

i YIS Top-1 TERAH
Arch-D'" Food-172 82.12
AR (2 9%) Food-172 90. 30
AR SRR (3 %) Food-172 88.20
TastyNet' ! ChineseFoodNet 81. 55
ARSCHET (2 9%) ChineseFoodNet 80. 70
AR (3 %) ChineseFoodNet 82.80

E L7 A Bl

22 i 3 470 TAR SRR 53R 11 ] h
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2 ALHL, TEfSH 2 ST T IR B R S 1Y) Top-1 IEAf 2%
90.3% ,#&m T 8.18% , RIfiiJ& 3 B ALK F] 1
88. 2% MWIHIKG B J& 3 475 SCHR [ 12 ] $2 H py 4
TITE ChineseFoodNet £ 4fs 4 b #EAT T HOEL, A6 2
BT 1.25% .

K6 3t 1 42 R4t 2k ek BOBCAS [A) A [R5 I
Top-1 IEHIR ML, LA REN, Ky = 0.6
B, AR CHE B AE Food-172 FI ChineseFoodNet %§ 4f# £&
Ay Top-1 TERAF 5 iy o PRI, 42 JR 451 2% R B0 AL
EHFy = 0.6,
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FET IR TR ZE MY o A SCR I LAE R 1M
28R BRI 2 9 B 22 W 25 RO B A, 78 A T
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Fig.6 The effect of weights on the Top-1 accuracy
((a) model with two feature extraction networks ;

(b) model with three feature extraction networks)
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Table 3 Comparisons between our model and
other models on Food-101 dataset

/%
A FT /2580 Top-1 IEMfA
SCHRLT ] GoogleNet/22 74.75
SCHR[ 8] B AR 72.12
WISeR " — 90. 27
SCHRL 14 ] — 86. 50
CNNs Fusion($2) " — 86. 07
AR SCRERL (2 9%) VGG/13 89. 50
ARSCHERY (3 9%) VGG/13 91. 40
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F4 R Food-202 HHEE IR A2
Table 4 The accuracy of our model on Food-202
/%

A Top-1 IE#%
ASSCRERY (TCRFIE G 715 2 290) 81.0
ARSCRERL (2 9%) 83.4
AR SCRRY (3 9%) 81.6
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RS EAMKREEEZGEHK R EH Top-1 EFHERTLL
Table 5 Comparison of Top-1 accuracy between squared
loss function and cross entropy loss function

/%

ASBRQR) ARG )
BAE wor  osoum Ty U
SR B 15k BB BRI 1k PR
Food-172 90.3 89.7 88.2 86. 4
ChineseFoodNet 80.7 80.9 82.8 80.3
Food-101 89.5 88.3 91.4 90.7
Food-202 83.4 82.6 81.6 80.1
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Fig.7 The result of the attention localization network
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Table 6 IOU indicator evaluation

10U =

(22)

for attention neural network

H5 IOU_FP ~IOU_NFP %%;j(j Ef;ﬁ %E?N%lﬁ
Green salad ~ 0.488  0.254 204° 293°
Miso soup 0.609  0.526 249° 296’
Rice 0.336  0.448 197° 227°
Ramen noodle 0. 343 0. 497 211° 2547
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Fig.8 Attention area cropping enlargement effect diagram
((a) original pictures; (b) attention areas;

(c¢) attention areas enlargement)
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