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ABSTRACT

Thai traditional gastronomy and food has existed in a long time together
with Thailand’s art and history. Proudly, Thai food is currently one of the best
tastes in the world that most ingredients are agriculturally srown on Thai soil.
Those ingredients affect the nutrient substances and calories. Since the nutritionists
can estimate the nutrients and calories from a food image by their eyes. Made up of
kitchen intelligence from big data, the nutrients and calories can be autonomously
estimated using only a Thai food image, based on Convolutional Neural Network
(CNN) - one of deep learning family used for pixel data. All nutrients and calories are
shown to users. We used the collection of 56,258 Thai food images to create the
deep learning model with the global accuracy of model as 0.76. All images cover 15
Thai foods that are crawled by bots and are used to train the deep learning based

analytic model.

Keywords : Kitchen Intelligence, Food Recognition, Nutrient Analytics, Calorie

Analytics, Deep Learning

1. Introduction

Not only Thai food occurred in the historical timeline as a local
gastronomy but also became one of the best tastes in the world that most
ingredients were agriculturally grown on Thai soil. Thailand is an important natural
source of nutrients which has high ecological abundance distribution such as plant
cover, fish population and diversity of species, etc. From the historical evidence, one
of King Ramkhamhaeng (Thai: #eYUTMAMKY)’s stones (Thai: #a13130) was inscribed
in Thai alphabets (Chadchaidee, 1994). Which means there were a plenty of fishes in
the waterway; there was abundant rice on the land. (Thai: Turihiivan Tuunddn). As
referred to the verse of Thai foods and desserts (Thai: NWELM%LAS BIANININ) by
King Buddha Loetla Nabhala (Thai: amﬁ%wszwwmﬁmﬁmmé’a) (Roufs & Roufs, 2014).
that is an acknowledged literature describing a variety of gastronomic foods from
Queen Sri Suriyendra (Thai: allLﬁﬁ]Wixﬂ%‘?ﬁLﬁJummimﬁ%ﬁ)’s kitchen. In the reign of
King Chulalongkorn (Thai: WS¥UMANLAINTZATBUNALT19E1H7), the first Thai royal
recipe archives (Thai: #15U9111520U¥1714) (Punyaratabandhu, 2017). were officially
collected by Princess Saisavali Bhiromya (Thai: WSg311A1L50 WSzaAld1ae@1afisud)
Up until now, Thai food has become one of the best tastes in the world by CNN
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travel (Li, 2019) that seems to be “Thai heritage” as well as Thai tourist attractions
(Soimart & Mookdarsanit, 2017b)., Buddhist ecclesiastical patterns (Mookdarsanit &
Rattanasiriwongwut, 2017a&c; Mookdarsanit, 2020). , Thai martial arts (Mookdarsanit
& Mookdarsanit, 2018a) and Thai written scripts (Mookdarsanit & Mookdarsanit, 2019).
Since most ingredients of Thai foods from any street foods are from the agricultural
commodities from Thailand. These ingredients totally affect the nutrient substances
and calories.

The research question is that what is any information that we can observe
from a single food image? How do the nutritionists estimate the food by their eyes?
How fortunate that we are able to automatically know the nutrition of a food image?
Nowadays, many Thai foods with their nutrients and calories have already been
collected by the nutritionist. As well as the nutrients and calories of duplicated foods
(as the same recipes) can be approximately estimated by the nutritionist’s eyes. In
this paper, we propose an Al-based nutrient and calorie analytics using deep learing
from a Thai food image. Technically, our proposed model is constructed from 56,258
Thai food images that are crawled from online social media. All images cover 15 lists.
For training, many Thai food images with their information are trained to the deep
learning. For testing, an unknown Thai food image is input to the model; the name
and ingredients are finally shown to users. Either training or testing has feature
extraction for selecting the interesting visual points from the food image and keeping
in term of a vector before the learning model as shown in Figure 1.

This paper is organized into 7 parts. The literature is in part 2 as related
works. Part 3 and 4 are convolution and batch normalization. Max pooling back-
propagation and fully-connected layer with experimental results are in part 5 and 6.
Finally, conclusion is in part 7.

2. Related Works

Due to the vision analytics (Soimart & Mookdarsanit, 2017a). that were
successful in many autonomous applications: tourism recognition (Mookdarsanit &
Mookdarsanit, 2018c)., landmark retrieval (Mookdarsanit & Ketcham, 2016;
Mookdarsanit & Rattanasiriwongwut, 2017b)., animal recognition (Taheri & Toygar,
2018; Mookdarsanit & Mookdarsanit, 2019a)., dance recognition (Mookdarsanit &
Mookdarsanit, 2018b)., silk pattern recognition (Khamket & Surinta, 2020)., facial
attribute recognition (Soimart & Mookdarsanit, 2016)., handwriting recognition (Surinta,
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Karaaka, Schomaker & Wiering, 2015). plant recognition (Mookdarsanit &
Mookdarsanit, 2019b)., remote sensing (Li, Wan, Cheng, Meng, & Han, 2019; Soimart
& Ketcham, 2016a&b)., bio-cell recogntion (Loresco & Neyra, 2019)., reverse Turing
test (Mookdarsanit & Mookdarsanit, 2020a). and medical image (Sutthaluang, 2018;
Zhao, Xue, & Li, 2018)., etc.

Some Thai food recognition researches (Termritthikun, Muneesawang, &
Kanprachar, 2017; Turmchokkasam & Chamnongthai, 2018; Mookdarsanit &
Mookdarsanit, 2018d). are available and categorized into handcrafted and deep
learning recognition. Since AlexNet (Krizhevsky, Sutskever, & Hinton, 2012). shouted
out the world, the handcrafted based model was shown to be defeated by deep
learning in term of correctness (Raksaard & Surinta, 2018)., either animal (Okafor,
Pawara, Karaaba, Surinta, Codreanu, Schomaker & Wiering, 2016). or plant (Pawara,
Okafor, Surinta, Schomaker & Wiering, 2017). recognition. Particularly deep learning
works well on big data - that can find the deep insights (Mookdarsanit &
Moorkdarsanit, 2020b). from the large-scale data. Extraordinarily, our deep learning is
deeper but fewer parameters and shows the great advance detection in various

scales, respectively.

Feature Extraction: FE
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Figure 1 Feature extraction of a food image
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3. Convolution (CONV)
In view of signal processing, convolution CONV (I f,04>W;) is the

convolutional operation (Zou, Shi, Guo & Yi, 2019). between the Fourier transform

of a Thai food image and one of a shared weight (a.k.a. kernel or filter).

CONV (Lyy o sWy) = (1)

Lyt ooa * Wy
where * is convolutional operation, 1, fooa 1S AN INpUt image and W,

is the j-th weight of the i-th layer.

4. Batch Normalization (BN)

After all convolutions in each layer, the previous normalized parameters
are essentially necessary link to the next layer of neural network that can be

computed by batch normalization. Rectified Linear Unit (ReLU: BNy, (.)) is
used in this paper, by (2).

Py ¥ Piayy >0

BNg.1u (p(x,y)) :{ g

0 ifp(x’y) <0

where p, . is a pixelin x and y position within the output of convolution

(2)

5. Max Pooling Backpropagation (MPB)

An output of batch normalization is stored in form of the “feature map
(FeatureMap;)”, as (3).

FeatureMap,; = {p(x,y) ! Py € (Layer; N Nodej)} (3)
By (4), max pooling (MaxPoolingﬁ) is used to reduce the

dimensionality of feature map. The feature map is first divided into k windows.
Later, the max value of pixel within a window is selected to the pool.

MaxPooling,; = arg, max(p, ,, | FeatureMap, ) (4)

where i is the i-th layer, J as the j-th weight and k as the k-th window

3
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6. Fully-connected Layer (FC)

Fully-connected layer is the final part of deep learning as “Al-brain” with
the parameterized architecture as Visual Geometry Group (VGG-16). It can be

categorized into 2 sub-ways: training (as red-lines in Figure 2) — Thai food images

with their information are trained to teach the computer model and testing (as

blue-lines in Figure 2) - the computer model classifies the unknown Thai food

image. After the food name recognition, the nutrients and calories are retrieved
from the database as an external knowledge by its food’s name, in Figure 2. The
ratio between training and testing is 80:20

6.1 Training

For image collection, we crawl all 56,258 Thai food images from social
media and add them with some information like nutrient and calorie as our
collection. Overall images covers 15 Thai food types that are used to create the
learing model e.g.,, 1) Tom Yum Goong, 2) Gaeng Som, 3) Chicken Galangal Soup, 4)
Tom Saap, 5) Tom Jap Chai, 6) Fish Kidney Curry, 7) Khanom Jeen Nam Ya, 8) Geang
Keow Wan, 9) Gaeng Hanglay, 10) Hor Mok, 11) Panang Curry, 12) Pad Sataw, 13)
Massaman, 14)
Gaeng Taypo and 15) Gaeng Kee Lek, respectively. These images are input to feature

extraction (as shown in Figure 1) and trained to the model as Figure 2

Fully-connected Classification

Fish Kidney Curry

Collection of
TH Food Images _FE
with Information (Fig. 1)

Classif
Y Gaeng Hanglay

An Unknown
TH Food Image

Gaeng Som

Gaeng Som

Cattleya le——————| Calorieand Nutrient
Fish Sauce Database
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Garlic
Turmeric External Knowledge
Chili
Shallot r

Figure 2 Fully-connected layer: training (as red-lines) and testing (as blue-lines)
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6.2 Testing and Evaluation

For an unknown Thai food image that is firstly input to feature extraction

(as well as training). Then, all features are considered by the computer model.

Finally, the name of food with their information (nutrients and calories) is shown

to users as shown in Figure 2.

For the model evaluation, we use the global accuracy of those food

classes that can be computed by (5), under the ratio of training: testing as 80:20

Table 1 the global accuracy of each food class

Class Accuracy
Tom Yum Goong 0.74
Gaeng Som 0.90
Chicken Galangal Soup 0.94
Tom Saap 0.71
Tom Jap Chai 0.73
Fish Kidney Curry 0.76
Khanom Jeen Nam Ya 0.84
Geang Keow Wan 0.63
Gaeng Hanglay 0.68
Hor Mok 0.96
Panang Curry 0.63
Pad Sataw 0.84
Massaman 0.66
Gaeng Taypo 0.78
Gaeng Kee Lek 0.66
Average Accuracy 0.76

Accuracy =

TP+TN

TP+TN + FP+FN

(5)

where TP is the actual class as food A and the correctly predicted class

as food A, TN is not the actual class as food A and the correctly predicted class

as not food A, FP is not the actual class as food A but the wrongly predicted class

as food A, FN is the actual class as food A but the wrongly predicted class as not

food A.
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The results are shown in Table 1. Hor Mok, Chicken Galangal Soup and
Gaeng Som have the Accuracy beyond 0.9 because of their distinctiveness that affect
the recognition accuracy. Meanwhile, Massaman, Panang Curry and Geang Keow Wan
sometimes are looked similar that make the lower accuracy. Hence, the average

accuracy is 0.76.

7. Conclusion

Thai food is one of the best tastes in the world that are gradually
inherited from the long history as “Thai Heritage”. This paper proposes an Al-
based deep learning model to analyze the nutrient and calorie from a single Thai
food image as one of the kitchen intelligence applications. The model is
constructed from 56,258 Thai food images which are categorized into 15 Thai food
types: 1) Tom Yum Goong, 2) Gaeng Som, 3) Chicken Galangal Soup, 4) Tom Saap,
5) Tom Jap Chai, 6) Fish Kidney Curry, 7) Khanom Jeen Nam Ya, 8) Geang Keow Wan,
9) Gaeng Hanglay, 10) Hor Mok, 11) Panang Curry, 12) Pad Sataw, 13) Massaman, 14)
Gaeng Taypo and 15) Gaeng Kee Lek. The recognition algorithm for these Thai food
names are done by Convolutional Neural Network (CNN) based on Visual Geometry
Group (VGG-16). Coupled with CNN, the nutrients and calories of the food are
retrieved from the external database by its food’s name. The average accuracy is
0.76. As there is a large number of food images shared on social media, the
autonomous nutrient and calorie analytics will soon be one of the new features of
social media like Facebook or Instragram. Many million food images are surely enough
for Al-based computer model creation. For future work, many augmentation models
can be used to generate many food images that increase the correctness of model.
Together with Recurrent Neural Network (e.g., Gate Recurrent Unit, Long-short-term-
memory), this can be applied to autonomous food textual captioning to a single

image.
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