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Food Image Classification using Deep Learning
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Abstract

This study was conducted with the aim of improving the food image classification model of a health care application
targeting Koreans in their twenties. 546,194 images were collected from the Public Data Portal and Al Hub, and 175
food classes were constructed. The ResNet artificial intelligence model was trained and validated. Additionally, we
deeply investigated the reasons for the relatively lower recognition accuracy of the actual food images, and we attempted
various methods to optimize the model’s performance as a solution.
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2.1 Convolutional Neural Networks

CNN(Convolutional Neural Networks)= &
JollA e AEEE AREsto] o|m| x|y ¢
2 HlolElE Ak "l R0t} 3-5,7-9].

DNN(Deep Neural Network)2] 73-9- 22} ¢ 9]

HE 1x¢ e s Helstn ofn]z| o] F712)/2] <

2 JH o] EAo] WA= A H o] EA%h

o} v ONNS| A9 27] Uee] Ang Wy

a1 Q3L B AAUE olgatol ofulA|)
o

HES QAL Y AT ARy Ay

2 e
H H = G
H H
=2 (Io7H H
= s B : g
| ) e ) : O O-Ouwpun
Convoktion  Pooling + Pooitg  FND L o cnected Activation
3 Activation fimction finction

i ; +
Toput (lmage)  Activation finciica Classification

(28 1) CNNS 0|88 27 UEYZ Al

2.2 ResNet

ResNet(Residual Network)= o]0z 225 ¢
St d2y o} 7€l A 2, DNNoJA] neural network
71017} 2014 WAlsl A Alst £
s dst7] 9Jsl A= ATk [2] ResNet2- o]+
JfE AHResidual)ol = 7dS ARESH=
g, ol= 7I& HEHZAA Y d=giat Aakgt
o] o] & ou|gitt. SFA|TE ResNet>- o]0} 2]
Y= dlolol E=gkel Bt g 9
i E29] 2ol 2 s, Y ghe 022
NEE As BREE sG-S XdRith ol#gk ¢
AF H3EO W

R ER ERET

-

w Lo




T ko] g she H3E7F EARITHE Aol
ol A1l shgo] gols k= o]
ok E3F HELZ Y 2 Al ek &Y

oﬂ AA3H= shorteut =7} 2]2] & Wz} ¢l

N Eﬁ

ol Thatule|e] 2o} Qlatek o] B w3t
_-_xH S}A] ok=t}. 23] shortcut O 2 2l Uk

gololE Ao ey 7&7] & EAIE ¢
23R
X
F(x) 2
identity

(12l 2) Residual learning &=

0. glojg A 9 3& =g AA

3124 olulA delgAl 74
£ AT AT Huboll 4 A +
Yol 2558 Feste] Satel
Fsie dolel A 74 3o 1—5— 1—41
dhet AL meste] ATl B 20t)7
sk S4ol AFstale. W 2o

i
E

( OH

Ol

o I

al(e
oo
P o
=

B

in e —1N cg e

~
e ook ORI oW

}

o

>
o
o f
N
2

]
Jﬁ
rlr
oﬁ
Jo ¥
N
Y
>i¥
flo r
ot
>
1o

o

Au)
e
el
=
s
o
1>
i
filo
Hir
o
N
=i
:oé
=
2]

o B3 WAL o2 o, Agwe
S 9Ia 24 olulx) dlole Mol AT
5000] 0] ek F 1755 AshA, oA

Wy > go ox do
U
ol
1o
il
[>
il
Y
M
ot
£
offt
>,
2
do
D)
il

N

Aeke] A5 Raet dolgg 2715l
Slal &4 ojulx] % Ao Ax GAE vlo|g]
Aol A 20%2] ELEH &5 F7Fsto] HlolEAle
st 28R 9 AgE AE] S5
7 Zej At o]u];q H=E 24 9007H, o
500074 24 ske] Sl 1k Sk ofm|A] A4

zl

s o] &8 w4 oA E 7l AR 135

o] HAE Zo|u 2 A3}t HE glo]gAl
1757]19] SAR o] F0iA QLo sk53 4
2 98 oF 829 Hl&E Hsiyrt

eroL

(B 1) 'HdZH2g st 24! ololxl
HIO[Ef Al &M i

dol" F% | 75 % | E¥ 4§ AT T4
5009 & g
*60,000% | oJu]A],

=30,000,000% | ISONTZ}

&4joln)

glo]EfHo] &

(% 2) 'S 0J0IX| X FYHE HAE
HIOIEAL AL Lhed

dold % | 7% 4

Z3% 4§ |AF 34

400% WA |

— =

*2,000%} E txt,
=800,000%}+ xml

&4olu]A]

glo]EfHo] &

(& 3) 5 Ho[E{A &M U

z W8 | AT ¥4
546,194 255.8GB
78,397 35.2GB

4= As

17574

oy | o |4
olN |y [He

32 59 AY 34 L )

4 oju)] &

olE ?L+°H1H°F B % H

lm u]o

% bl 11:}[10 13,18,19]. [14] [15]91r Ea e

4% okl Bl A A,
= 98 xote mulo] of7] wE
Zo]2 59 £ Ql& ResNeto] 2 =
she Wilel Agd Fack wef
Zolo] whE 4% Asks “*XIOH
22 Hr 2 23| ResNet -2

lt

[e]

*011*1 Al Qr
A HIEYA
o}

=
W= <5

A eey.



136 g=uldlole=8x] A|gd A&

ResNet -5 &85t nd AeS 98] 507
o] #olojt 1017e] Hojolg 71 % o] m
ds A"ste] vlaLE 21eYsH3itt. ResNet-502]
AL 3709] glojojz o] Fo] % Residual Block
167]& 3}t JLxo]m, ResNet-101& -4 It
Zo)| A 177]9] Residual Blocko] S£7}=o] & 33
719 Blocke 3E3Fsich,

dolo] s 27t uhe A Aok of g 3
218}7] flslf 2 dlofEl A 514 o] A, 37979

SR ol Fol2l 4] ofulx] Holg AL 2t

1 cony,
w5t

x1 conv
avg pool, 12

fe3

@

(12! 3) ResNet-50 X

Conv2_x identity " Conv3_x identity ', Conv4_x identity ', Conv5_x identity

(a2 4) ResNet—101 {£X

2048

ﬂ
71, 3x3, 612 £ 2

1x=1, 256
3x3, 256
.
1%1
AvgPool
1

AN
H
il
2
0x
oIr
Jok
ro
1o
40
il
pY)
D
(2]
Z
@
N
Q

g'y
>
N
H

21'4
8
=
=
]
Z
()
n
=
z
z
a
S
f
4
of
o
i toh
juf

= 5 Aelol dg slxje) sy Az
ot

oA HNHTE 89.4268%, X4 £AZF 03345
S @A dli" 2ol uhet ResNet-101
of tisl st F&= F 7He/dol EAR
Al este] 2F Hlo|HAl 4148 ] % ResNet-
101 2Els festo] ko YA

BN

=

IV. &4 olnx Bf 5d o

41 8¢ 373 9 27 4%

3 212
olE|Q] T7]E (224,224)% HSlEIH On, T 59}
2ol ARG Aol 4 WAt

ndl &2 X3S 93} optimizer2£= SGD

3 7
=GAA Ubuntu 20.04
=3 i 3174 | Visual Studio Code, Jupyter Notebook
219] Python
GPU NVIDIA RTX 3060

(® 5) 2RIl XYt

Az} A 43k
SGE 0.01
== 0.0001
wE 0.9

w2 =7 16




s o83 &4 oA 7 71E AT 137

(Stochastic Gradient Descent) &38| &5S 4143}
g om, &4 k47 = Cross-Entropy LossE A}

gstaict.

42 49 A% 2 4

©

,d
=

2o >
o
)3

i o
1
ofl o

b b i
o

>

N

N
o o =)

‘\TL
i

x4y o

s i

ol
ox, X N
P,ll

ﬂ.llﬂ-l 10 N
b FT ol
Hr kl

o)
o ol
ue,
o ¥

I, 8
ResNet-101+-

BN
ﬂllﬂl
s
o
o rg—“ mlo
y

T
>

[ea
O
% o g o

o
e o
SO
o =

=)
g
M
L3
OII _]_L4
-Ll‘; 10
$
(o) O_>l:

off

2 so
fu D)
Y
o2
il
n=
ol

!

ne,
1
o
1o Eo
H1

fr

S

e

X

2

St A 14

o koo & e
I
o
o

$4E dehfEz 113 o}
sl Aefelar Hestel o
CERELT )

.

g mao] REAS AF] s AR &
A o] S o] EAES AWt 2
2 A Wy

ghlo] tigt JHE FE3IAL, ofn

Reshet-101 _loss

-

(B 6y DY &ty Metz 2 Azt

& 3| 10 11 12 13
AT | 91.9408 | 92.9942 | 92.9469 | 92.2167
£A7F | 02675 | 02574 | 02616 | 0.262

= ol o] gt A+ 579 A&k o= B
S IIskt

19 82 ResNet-101 2 8155 mdlo] o|u|z|
HAE AiE yepdch & 54] ou|AE 2l
Algto] oS3k vEtd 2 §AEE 2193t
HE AN A epiS 7P 2 SER
3k 53] AAA7E frARRE E50] Ee A
9] Afo® 2 oS FER BFE WYt
A& Hof gh5o] 4y om z3H As &l
o 4=k

SEATE RE oju|R|of A o Fo] AJF3t A
ofyth 17 9= oS0 AgfstALt ol % gE
o] @& ASE Uehich EAl 28E o&3T

A%, FA o2 aro] obd H, ofd) ol Eakel

A0, A9 S o253k Fo Bt o

o] Egwlofgli 2L BT 4= k. w3 7

BFo] 79 AubAll 7Nk A ok ol
1

_1

o 21 v a
A% <AAa A o3 kg Yot 2 &l

4942 | 00847 49N | 0.0677 294z | 0.0717 AMAD | 0.1666 H4AZ | 00679

(O3 8) o|0|X| HAE &3 At

Al 23.0996

o 10.7260 i 14.4595

- 10.0040 C) 14.3378

it 9.7165 Fog 14,3282

Fhefete] s 9.5699 # 7)ol 12.7907

AP A3t 0.0346 AP A zE 0.0319

(28 9) O|0|X| HIAE Amji At



138 g=uldlole=8x] Agd A%

A ofm| oAl Holyt ol % ATkE HolFA
¥ THE S4jo] ZgEl] AL M B

o 3¢ dlolele] S4o] Aolstrti HolA 7]
Aot AOE FEAECE EF B9 B4
&4 2 A W AL EmEStel charh
H B 50 B o] W Uerd 49

3 SA AR HA 7% 2

=

whebA, 5 dolA e o2 Al 7HA] W
= At AR, A ARSAE A= AR |
olE| 9] 5A4& HhgT HlolE &hof F3to],
mdo] A2 E ds FA7I= Aol =4,
oS omA| )14 Ve E8ste] AA "A &
AE sk, olE f7k diFFe sk HlolE

)
s

1=}
o

_1[
vz HL
3N 2

ofr v
ol
ox,
A
e
jz rr
fn}

- o O
il
S
1
i)

%
filo
offt
ot

o
=)
R
s
1
1o
=
Siid
o

N
N
o)
o
i)
2

(o]
o

14
X
=
o,
o
1o
of
(0]
gl
2
i
)i
>,

X
H
I
m {
opp ol
N
N
ofr
ox
filo
odt
o
>
af
re
-1
lo
ne -
2

op
ofr
-
2

-9,
o
4
30
o

o

lo ok
%

o

&l
o, mjn U
E o

¢
I

go

> Ho d
=
)
S~

offl
%
>
2
oo
1
o
=)
B
rO

>
2
e
i)
X

S )
lo =2 {1
2
1o
Hir
flo
m il
ofo
N
o
oX
hul
Hn)
FI
)
=
M
o

(1] Avld, AAG, “SHAS I diehgel =2
UH19 o) AVE ws), 7PgrbEAl ujEeA)
0]-2 Ale}],” Journal of Nutrition and Health, vol.
54, no. 4, pp. 383-397, 2021.

[2] K He, X. Zhang, S. Ren, and J. Sun, “Deep Residual
Learning for Image Recognition,” in Proceedings
of the IEEE conference on computer vision and
pattern recognition, 2016, pp. 770-778.

[3] Krizhevsky, Alex, Ilya Sutskever, and Geoffrey
E. Hinton. “Imagenet classification with deep con-
volutional neural networks.” Advances in neural
information processing systems 25 (2012).

[4] Sultana, Farhana, Abu Sufian, and Paramartha
Dutta. “Advancements in image classification us-
ing convolutional neural network.” 2018 Fourth
International Conference on Research in
Computational Intelligence and Communication
Networks (ICRCICN). IEEE, 2018.

[5] Rawat, Waseem, and Zenghui Wang. “Deep con-
volutional neural networks for image classification:



(6]

[7]

(8]

A comprehensive review.” Neural computation
29.9 (2017): 2352-2449.

Paszke, Adam, et al. “Pytorch: An imperative style,
high-performance ~ deep
Advances in neural information processing systems
32 (2019).

Szegedy, Christian, et al. “Going deeper with
convolutions.” Proceedings of the IEEE conference
on computer vision and pattern recognition. 2015.

learning  library.”

Simonyan, Karen, and Andrew Zisserman. ‘“Very
deep convolutional networks for large-scale image
recognition.” arXiv preprint arXiv:1409.1556
(2014).

Huang, Gao, et al. “Densely connected convolu-
tional networks.” Proceedings of the IEEE conference

on computer vision and pattern recognition. 2017.

[10] Xie, Saining, et al. “Aggregated residual trans-

[11]

[12]

[13]

[14]

formations for deep neural networks.”
Proceedings of the IEEE conference on computer
vision and pattern recognition. 2017.

Liang, Jiazhi. “Image classification based on
RESNET.” Journal of Physics: Conference Series.
Vol. 1634. No. 1. IOP Publishing, 2020.
Ebrahimi, Mohammad Sadegh, and Hossein
Karkeh Abadi. “Study of residual networks for
image recognition.” Intelligent Computing:
Proceedings of the 2021 Computing Conference,
Volume 2. Springer International Publishing,
2021.

Zhang, Qi. “A novel ResNet101 model based
on dense dilated convolution for image
classification.” SN Applied Sciences 4 (2022):
1-13.

Redmon, Joseph, et al. “You only look once:
Unified, real-time object detection.” Proceedings
of the IEEE conference on computer vision and

pattern recognition. 2016.

Qe o837 74 olvAl i 7le N

[15]

[16]

[17]

[18]

139

Girshick, Ross. “Fast r-cnn.”” Proceedings of the
IEEE international conference on computer
vision. 2015.

Jung, Heechul, et al. “ResNet-based vehicle clas-
sification and localization in traffic surveillance
systems.” Proceedings of the IEEE conference
on computer vision and pattern recognition
workshops. 2017.

Song, Xingguo, Kewei Chen, and Zhongging Cao.
“ResNet-based image classification of railway
shelling defect.” 2020 39th Chinese Control
Conference (CCC). IEEE, 2020.

Yahya, Ali Abdullah, et al. “A Novel Image
Classification Method Based on Residual
Network, Inception, and Proposed Activation
Function.” Sensors 23.6 (2023): 2976.

A =z A )

o] 7} 7(Gagyeong Lee)
- 20199 2~ =k
) S} 4 Qofslat (3H4}
1H4)
<¥hlEok HrH B, QlF

ey

9 Al A(Seyeon Im)

£ 20199 29-FA): FYT
sk AsEgofatal (3L
)

<PAEOR AFH HlF, AT

ey



140 Z=aldlolg=8x] Asd A%

% # o](Jini Yang)

20233 29 =g oiEln
AT E Qo) (FSHA}
20239 39~AA): ek
A L%—Z].‘:El—_.,]- & ’\PLPQ)

<THAEol> HFE ulH, Q%

A&

8}
)

.

f 9 % (Minjung Yoo)
20234 29: SF=e)a st
aZEofstn (F5HAh
20239 3L~AA): =3t
sl ol @Ak} (MAHA)
<A Hok> e BA, A&

3y

X

7 A 2(Sunok Kim)

20149 29 AAdiEt 7]
AAs-8kt (384

£ 20199 29 AN A7)
AR5k} (F-8EbAh

<2021 3L~EAY: sh=ot-Eu)
g ol FEAL=E 2w

|Bol> A% 3k, 7TE H|A, B ol

<

N
off



