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ABSTRACT

Adequate nutrition is an important factor for having a healthy life in human beings.
Advanced in computer visions leads to efficiently classifying food categories and ingredients
from food images. According to the variety of ingredients in different regions, the model requires
sufficient training food images containing those ingredients. This work proposes an automated
system for categorizing food images and detecting ingredients using deep learning models.
Therefore, approximated nutrition and calories are capable of predicting effectively from the
input food images. In this work, a model is built based on the YOLOv4 technique which provides
high accuracy for detecting objects in images. In addition, a dataset of food images and their
ingredients' locations are constructed for training a model. The experimental results show that our
model provides high accuracy on the dataset with a small number of food categories and
ingredients. Contrastingly on a dataset with a large number of categories, the obtained accuracy
reduces dramatically. The reason is insufficient occurrence and size of ingredients in food
images. To further improve the performance of a model, a training dataset needs to be formulated

by wusing sufficient occurrence and size for every ingredient in food images.
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HAANT 134
Actual Values

Positive (1) Negative (0)

Positive (1) TP FP

Negative (0) FN N

Predicted Values
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010 (Crude Fibre)
18911115 (Dietary Fibre)
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Taadmosoa (Cholesterol)
ALY (Calcium)
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ToTodu (Iodine)
Fnuetazin 15Ny
39131114 (Thiamin)

WU a9 (Riboflavin)

luor®u (Niacin)

a o ax .

A1 1a87F Drying Method
Nanzrnsdsina lulasiau(Nitrogen) g
Kjeldahl Method

31A312% 1A83T Acid  Hydrolysis  1@g Solvent
extraction Method

M 1ae5 By difference

a o asy

A312% 1A87T Based on AOAC Method

2 o axy . . .

UNTITH 1AYID Enzymatric-Gravimetric Method
a o asy

UATI1ZH 1A8IB Dry Ash Method

a o asy .

UNTIZH 1AYIT Gas Chromatographic Method

a o asy . .

UATI1ZH 1AYIT Atomic Absorption
Spectrophotometric Method

a o as

UA12H 1A8IB Vanado-Molybdate

colorimetric Method

a o axy . .

UATIZTH 1AYIT Atomic Absorption
Spectrophotometric Method

N7 1aedT Spectrophotometric Kinetic Assay
Method

3nT12H 1A835 HPLC Method

(Vitamin A/ Carotene)

31n5121 1A833 Thiochrome Method

a o ax .

AT 1A8AT Spectrofluorometric Method

a o ax . . .
UATIZH 1A8ID Microbiological Method



INUUF (Ascorbic acid)

2M13UD (Alpha-tocopherol)

a2 0’ . . asy . .
312411431 Total Vitamin C 1A87% 2,4 dinitro —

phenylhydrazine Method

Ansrzvlugdvesusair-TnTalesea (Alpha

tocopherol) 1875 HPLC Method

A519h 2.1 uaasdSnaaseisuasng

BuABURENAMATUN (Cereals and products)
Nutrient Composition per 100 g Edible Portion

Proximate Composition Minerals Vitamins
Gl Eesmenet 11111001 1 AT AMATE

AL AR P
01001 |fauiden, Smg3, wht | Noodle, rice, small size, dried | 350| 127| 53 oa] 814((068)| 03| 20| 73 o o w| w| 07| o
01002 | famifies, dusdn, @8 |Noodle, rico, small size 220( 467| 44| 06| 492|(02)| 01| 12| 22| 19 of o 0f 001 06| o0
01003 |aoifles, viulwg, sm  |Noodle, rice, big size, fresh | 135| 67.1| 25| 08| 205|(01)| 01| 10| 29| 27 of o of w| 03] o
01004 |9usdu, ullesn Noodle, rice, round, cooked 90| 775 14| o 210((0)| 01| 7| 22| 23 of o ol w| 01| o
01005 | munu, udemiin Noodle, rice, round, fermented | 77| 807| 09| 01| 182|(01)| 01| 7| 14| 09 of o uwlo02| 04| o
01006 | yunilevoud Bread 320| 200( 122| 3.3| 626|(03)| 19| 22| 121 20 -| 021|016 14
01007 |$vaidh, 10% Rice, polished, 10% 32| 128| 65| 09| 794/(02)| 04| oOf 83| 11 -|017| 040| 13
01008 |#aid, 100% Rice, polished, 100% 63| 124| 64| 09| 799/(02)| 04| 0| 130| 09 - | 026|043 15
01009 |$raid, 5% Rice, polished. 5% 32| 129| 66| 10| 791|02)| 04| of 80| 07 -1 020/ 031 11
01010 |$raén, inBevimilull | Rice, Vit B coated 354 125( 65| 11796 08| 03| 10| 56| - | 126| 097| 82
01011 |$ravd, Sosdle Rice, unpolished 68| 127| 66| 23| 7768| 17| 08 -| 68 tr| t| -|034) 011 14
01012 |$12én, T4 Faman)  [Rice, steamed 41| 654| 28| 05/ 312|000 | 01| o] 11| 05 001 of 15
01013 |$vavdy, Uawdim Rice, broken 57| 18| 60| 14| 801|(0.2)| 07| | 90| 18 -] 013| 0.10| 08
01014 |$vad, guuse Rice, Chumsang variety, 65| 123| 69| 11| 793| 04| 04 95 -1 0.09| 004

polished
01015 | fvaidy, aug Rice, Sampan variety, %62| 113| 64| 18| 800 09| 05 - | 0.28| 0.09
polished

flan : http://nutrition.anamai.moph.go.th/images/files/nutritive_values of thai foods.pdf
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v R =~ 9 = Y a =K Y
STUUTUNNYSNULARDTHAZEIT01HITIINNIND NS AIYNTITLIYUILBIAN ]’lﬂgﬂ

IS 2
ponuuy lasliao1dnenssuaInIn

+ CNN Convelatonal newrdl network
« YOLOw4 Daninet

NA 3.1 Tﬂi\iﬁ%}NﬂlﬂQiZ‘U‘U

Y
Q/

TUABUMITHINIUYBITS VL
< 1 4 1 o
1. gl i) Inuszuiweb browser Huaansn Ty = 2. aegil -> 3.950m3
nadegUidesnsasivaen -> 4. JUgnAHIUTZUY internet -> 5. Web Server SUg1uuiods
' v ~ Y a = Y} . a Ya =2 o A
aoliszuumsisenudidaanlagld node js -> 6. sruuMsiFeudFIanIMIszuIana e

A 1 v 9 A A o
HEAUNYDINIT 130 FausenoUveIeIn1s > 7. Web Server im@y’acgﬂﬁmammwamulﬂ
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Ay g ' Y = A A v a v A v
auAuteyade - 8. AuWIMAMARET  NNFRWYNID  InAL lnsyateyalINIIAIY
MongoDB -> 9. deadeyandu lNuelnwdnduiiuszuy internet > 10. naastoyan1

Y
U199.

3.2 mamsendeyadmsuasamuudiany
Yo UIANUITERINMTA NLUTIne e In e MITIAz TAgAULTE N UE IS
Tagl@hmmuesorinsan google search engine I101¥ Instagram mgazﬂazmm 100 NN

¥ v
32,1 sudumswseudeyasemsermsiosduaslumenals excel mua1519h 3.1

M39N 3.1 MSNAIBYNIINITOING

no. | Thai Eng code

1 ANRENY Fried rice with A001
pork

2 RPN Fried rice with A002
chicken

3 AN A9 Fried rice with A003
shrimp

4 aMdalandin Squid Fried Rice | A004

5 2 1INLNTINY L Rice Pork Basil A005

6 MIASIWI VY TU A006

7 NN INYNTaL Crispy Pork A007
Belly Basil

8 Answs chicken basil A008
rice

9 2ANINELNIAS shrimp basil rice | AO09

=] a S Y
322 aammainlandumesiiia 1 wyilszuna 100 7w Tagls Python.

3.2.3 himsaansesgliummnzdmsumsihuh lumavse lu
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28jpg

[

MNN 3.2 A8 1IMNNAADeN

(% = A
mMsfazUnImesni 21s5zan fe
17 o
3.2.3.1 gUnenu
A (] A 9 A a 9 [l o I o ] 1
3232 U liinzinentes wie nnsuwdd luauaisihuniudiedis edralu
NN 3.2

3.2.4 Y135 Masking Label 228 11511A53 Labellmg

Aomiae
Cloma

MNA 3.3 111015 Masking



0 . Y A 3 = = @ a a ] a A
3.2.4.1 13N Masking Gl?i‘L'i”ILﬁ’f)ﬂ“l/ﬂﬂﬁﬂﬂﬁ@“]J@Wiﬁ HAZANIDUIAYAUN ‘t’J“lLlﬁ

U

maulanaziidoyaaisons Taswenewdnsoulinasounquunniiga

i
5 a =

Y
3242 luduaeu Label 190U class 92411015 Label fuianausiaulailidae

q

A 9 vy 2, ' A Yy 1Y
LW@q@ﬂ'lleﬁ’mgﬁnJ15ﬂﬁlﬂfﬂlﬂyauu'luulﬂﬂﬂﬂ'lullﬁﬂ@l’]\ﬁlﬂ\j@’]ﬁ’]iﬂﬁﬁ’]ﬂﬁﬁ’lﬂqﬂ LU VTINATTY

v 9 9 o @ A

9 o . 9 . W v A
VTIRANT VTNINANSLA KANITNNNINITT labehng mmmz”lmayjamuminw 32

q

A1519h 3.2 aulszneue s

1 fszmsmy 21 fAnA=Ti1a1n 41 Lﬁﬁu:';iwﬁm'nuﬂ'
2 Aoy 22 mynsnu 42 Tmeu
3 rj’qujﬂ 23 Hgﬂanﬁaﬂ"nﬁ 43 WAL
I4 UnINZNI 24 ngﬁ’u 44 quide
5 ﬁlmg'ﬂ:Ta’ 25 funau 45 Fiavau
§ An 26 ARt 46 oy
7 d1dm 27  lua=ih 47 70
g luan 28 A= 48 lamiingn
g ladu 29 luuznga 49 Wiminlan
10 laneld 320 rinlanin 50 AAmanau
11 umaam 31 udenlsd 51  lunszive
12 damiindu 32 umzem 52 lu ﬁuﬁjﬂq
13 DA 33 HuM2A 53 wosatEgn
14 u=um 34 luds 54 uzdawn
15  wmi 35  dalnem 55 1
16 Wimhdy 36 fraum 56 nIzMIMynTol
17 3n 37  wmdamAnIl 57  'lid;m
18 finazth 38 wydu 52  pszmsle
19 finAes 39 frdwm 59 Pl
20 Wenny 40 dnina 60 lulwszm

E]

=3

3.3 myasamaginuuudiaes

A3

Av A

el ldaen 19 Darknet framework [6] d1HSUMIAT1LUTIADI NUNT 1T

]
a

y o a o Y 1 3 o [
YOLO 1uﬂ1sﬁ'um%@mmi LLaZ%@]@]QﬂU Iﬂﬂu’]ﬂ"l‘WEU'EN')@]ﬂﬂ‘]JTNWiJﬂ@ﬂﬂl‘]Juﬂ"IWﬁ"lTﬁﬂ

Q

M3in 80% LAZMNTINIUNMINATOU 20%

3.3.1 wisondoyagiiie1nn train 80% 1Az test 20% AWEIAL
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3.3.2 15y parameter Tu yolov4-obj.cfg
- batch = 64
- Subdivision = §
- max_batches = 6000
- steps = 4800, 5400
- classes = 84

- filters = (84 + 5) x 3

9 o 9 . s Y 4
333 msaduagdnuuusians Tagld darknet detector train <lWlddoya> <lvld
o ' s 3 v A g
Y5uuae> <lldanhwinGudu=
=) I Yo o 79
3.3.4 Darknet HWengulumanadou Tagn1314a16d9 darknet detector test <”Ma6uay,a>
Jd (@ ' 21 3 o A9 Y o 4 Yo & ! o 1
<Ildspuas> <ldanhminidesnmslduunaes> Weisenldmdall fuszuanaan
A 4 Y ~ AR A v ) =
ANUFRNUVBIIAgNaTIany wn lndniuiuduaainmidallassvaon wieun1sd

]
[ =

= o w 9 Yy 9
NIy l,!,ﬁglfllUuﬂﬁ’lﬂﬂ’lﬂ‘]J’JG]fITW]HW“UGlW@ﬂﬂ’JEJ

Q

3.4 msiszniulszansmnveanuusiaey

9 1
Mylsziivlszansamveaunuiiassdimiunssanuianyuuy awilnaliaim

T
= v

W13a10g 4 A1 laun (1) True Positive (TP) S1uaunyiimeasanudoyasiclunataimas

= . o A o v 9 a ~ nm Yya
WAITMUT (2) True Negative (TN) ﬂwmuvmm1&1@1squmayjmiﬂuﬂmﬁm‘lu‘l@wmimw (3) False

[

. o A o a « AW M Yo a
Negative (FN) ﬁ]1“3“%%1u1&ﬂﬂlﬂuﬂﬁ1ﬁﬂ1h1@ﬂ1ﬁ\1Wiﬂi‘m1

[

a g a a a o Y v & ' Y 1 ..
Tuanddstiazasziiulseansnmusauuiiasy drenunavua 3 a1'ldun Precision,

Recall 1182 Fl-score Iagguia ldanaumsn 1 89 aumsn 3

poision — TP
recision = TP n FP
Recall =
At = TP T FN

2 x Precision x Recall
F1 score =

Precision + Recall
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NaMIANHE

4.1 wamsiadszansmuanugndesvedliaa

4.1.1 lumsiadseanimmazsuanms 199117u class 17089 910 1 menu aINTANA

densl

mMAPZ
83.3% |
C:0.0% | *
Loss

18.

BRepee AP

883 837% 837% 83% 83% 837% 83% 837 83% 83%
16. +

14.

A
i
% 68%
4
o

12.

10.

8.0

6.0

4.0

2.0

0.0
0

1000 2000 3000 4000 5000 6000 7000 8000 9000 10
current avg loss = 0.9619  iteration = 10000  approx. time left = 0.12 hours
Press 's' to save : chart.png — Saved Iteration number in cfg max_batches=10000

MW 4.1 YszansmmanmsadaTuma 6 Classes

A v K ° < 2 v
4.1.2 qugwiwuwﬂmuuaz T1UIU class NUINUVUNIUAY
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mAPZ[ ‘
74.7%
cii.oz R
= Classes
18.0—;
ATELNGN
Ny
16. 7
; i)
% 1
i 8 4355“"75{7 /\7'7555%\ 7\3% 75% 75% 75% 75% 75% vl,?.l [Qlalp]
; A A
i I
14— wavNIN
H P
e wgLAaLne
t 1
124 a6l
I '
3 1130
. .
10. 96N
-
daudin
.
a0 5]
e
120380
.
60 9N
=
12iku
4.0 3
2.0 I !ii 1 Ll
0.00 1000 2000 3000 4000 5000 6000 7000 8000 9000 10
current avg loss = 0.7915 iteration = 10000 approx. time left = 0.12 hours
Press 's' to save : chart.png — Saved Iteration number in cfg max_batches=10000

MW 4.2 YszansmmanmaadaTuea 12 Classes

i1 Y Y
4.1.3 W0y 1T NINIY 920511 class Tngav TuuaazyuInIua
9

A o 9 = o Y a o da Yy 12 ]
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[
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)

a
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q

e
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11N duvion ludy a9 luduiignwuilalu

2D
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' Y g
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|

Classes
NTLLNTINY
nvan
MNYNELA
IRp]

FiRpIA[0]
ALICRb]
aigin

nsevanla
fAunsELiiau
win'lve

gliaaimazn a1z sz a1z
937%

35%
il

327
6.0 30%

Sro

4.0

14%
2.0

0.0
[] 1000 2000 3000 4000 5000 6000 7000 8000 9000 10
current avg loss = 4.7119  iteration = 10000  approx. time left = 0.15 hours

Press 's' to save : chart.png — Saved Iteration number in cfg max_batches=10000

$ a Aa 9
MNA 4.3 Uszansamanmsai1aluea 84 Classes
NaNISNAADY (AD)
HANIINAABINT MY input AINIINVUIA resolution VBIAINIHVYUIAAIEAY 910

A15199 4.1 Tupaa 505095y input HNNUAYVUIN

M5197 4.1 HASNTUDIVIANINAII

Place iy input(pixel) | Result
g 1@ 4000x3000 | TRUE
2000x1500 TRUE
1000x750 TRUE
500x375 TRUE
250x188 TRUE
125x94 FALSE




M3 4.1 (979)

Place 0 input(pixel) | Result
TFaauun3e ’171: Har 4000x3000 TRUE
2000x1500 TRUE
1000x750 TRUE
500x375 TRUE
250x188 TRUE
125x94 FALSE
vty tndade | 4000x3000 | TRUE
2000x1500 TRUE
1000x750 TRUE
500x375 TRUE
250x188 TRUE
125x94 FALSE
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