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ABSTRACT: Objective To investigate a food image recognition and classification method based on
Inception_V3-CNN model. Methods The food image dataset Food-101 containing 20 foods and 19609 food images
was established, and the visual features of the candidate regions of the image were extracted by convolutional neural
network (CNN), and automatically classified to have a higher recognition rate. The food image set from the kaggle
library was collected for predictive comparison experiments to ensure the accuracy of the Inception V3-CNN model.

Results This method could remove background noise and only needed to extract visual features in part, which could
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effectively solve the classification problem of network food images. Compared with support vector machine+

histogram of oriented gradients (SVM+HOG) and traditional CNN methods, under the conditions of similar test time and

the same computing power of equipment, the recognition rate of this method was higher. When the number of iterations was

15000 times, the Loss value dropped to 4.92, and the accuracy rate could reach 93.89%. Conclusion This method can

quickly recognize food images and has good portability in real network images. Transplantation of the algorithm to

mobile devices to realize the modular operation of APP will also become the focus of future work.

KEY WORDS: food image; image retrieval; image classification; inception_V3-CNN; convolutional neural network
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Fig.2 Food image retrieval and classification method based on Inception V3-CNN
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Fig.4 Pretreatment of image
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Fig.5 Feature extraction based on Inception_ V3-CNN
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Wi A 75 3 P AP RO B B, FE SRR & R
FEIFH PR PE . MeAh, S SIE R A 88 Bk & rh SE
APP BB B 5 2 TAR IR R I sy 1l .

SE

[1] 3k, 5KPh. ST RFID FIEGGRGI 0SB 5 B2k ]. B
TR, 2017, 33(5): 134-137.

An J, Zhang D. Food traceability information query algorithm based on
RFID and image recognition [J]. Bull Sci Technol, 2017, 33(5): 134—-137.

[2] JBPREE. HETFEGUUINE AR R SAGI k], BRI S IT A,
2017, 38(2): 160-175.

Gu LQ. Image recognition technology of the food species detection
method [J]. Food Res Dev, 2017, 38(2): 160—175.

[3]1 Yang SL, Chen M, Pomerleau D, ef al. Food recognition using statistics of
pairwise local features [C]. IEEE Conference on Computer Vision and
Pattern Recognition, 2010: 2249-2256.

[4] Kawano, Yoshiyuki, Yanai, et al. FoodCam: A real-time food recognition
system on a smartphone [J]. Multimed Tools Appl, 2015, 74(14):
5263-5287.



%5 18 3]

FoOM A TR ML B R

6247

(3]

[6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

Kawano Y, Yanai K. Real-time mobile food recognition system [C]. IEEE
Conference on Computer Vision and Pattern Recognition, 2013: 1-7.
McAllister P, Zheng H, Bond R, et al. Combining deep residual neural
network features with supervised machine learning algorithms to classify
diverse food image datasets [J]. Comput Biol Med, 2018, (95): 217-233.
Tatsuma A, Aono M. Food image recognition using covariance of
convolutional layer feature maps [J]. Ietice Trans Inf System, 2016, (6):
1711-1715.

He HS, Kong FY, Tan JD. DietCam: Multiview food recognition using a
multikernel SVM [J]. IEEE J Biomed Health Inf, 2015, 20(3): 848-855.
Pouladzadeh P, Shirmohammadi S, Bakirov A, et al. Cloud-based SVM
for food categorization [J]. Multimed Tools Appl, 2015, 74(14):
5243-5260.

Tahir MW, Zaidi NA, Rao AA, et al. A fungus spores dataset and a
convolutional neural network based approach for fungus detection [J].
IEEE Trans Nanobiosci, 2018, 17(3): 281-290.

Philipsen MP, Dueholm JV, Jorgensen A, ef al. Organ segmentation in
poultry viscera using RGB-D [J]. Sensors, 2018, 18(1): 1-15.

Pandey P, Deepthi A, Mandal B, et al. FoodNet: Recognizing foods using
ensemble of deep networks [J]. IEEE Singal Process Lett, 2017, 24(12):
1758-1762.

Szegedy C, Vanhoucke V, Ioffe S, et al. Rethinking the inception
architecture for computer vision [C]. IEEE Conference on Computer
Vision and Pattern Recognition, 2016: 2818-2826.

Yu D, Wang H, Chen P, et al. Mixed pooling for convolutional neural
networks [M]. Rough Sets and Knowledge Technology. Springer
International Publishing, 2014: 364-375.

Min WQ, Bao BK, Mei SH, et al. You are what you eat: Exploring rich

[16]

[17]

(18]

recipe information for cross-region food analysis [C]. IEEE Transactions
on Multimedia, 2017: 1-15.

Meyers A, Johnston N, Rathod V, et al. Im2Calories: Towards an
automated mobile vision food diar [C]. IEEE International Conference on
Computer Vision, 2015: 1233-1241.

He K, Zhang X, Ren S, et al. Deep residual learning for image recognition
[C]. Proc of the 29th IEEE Conference on Computer Vision and Pattern
Recognition, 2016: 770-778.

Ramcharan A, Baranowski K, McCloskey P, et al. Deep learning for

image-based cassava disease detection [J]. Front Plant Sci, 2017, (8): 1-7.

(Goieshth: Kk

fE& T

T & OB, EEMARLSEAESR
REIBOH.
E-mail: daqingwb@163.com

XEE, HiF, TEMRATEAERM
I5REREES,
E-mail: jz_dyliu@126.com



