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B, Horp B A o) O i a2 R R AR A
HEAT 27 2 YNGR, DL IO BT BHhe B 25 215, %007 1%
3 N T A3 2R [l 0E e, TG W 2 >0 )
BN R G e, AT BRI HE e 45 ] 0 5
Wi FEAT I3 A1, FETC i 2 2] b B A BRig,
BT8R 450 AR RUEHE 23 3 o — 4, X 2ok
Fric B 1 o R o SR 2 TR A ) 2 1 e —
E SR A K B AL AR o 5 el D e A R R R
FRFESE IR 7 . B ATTE & SO AT Mk g
FH IR 22 B 7 2] 5 A 2 W 22 ) 5 e B 2
2], 3 A X W RD 71 AT DA EORE RRAEAE f a
HH B G BRI AR B, DR AR B AR S T AN
SERERYTA . MWD BEAE BOR AW & i — 283
FA SN A % 1) 2 2 Oy gk I B i ATk
A ARRME MR SR A 2= > . sk A= > TR A
RSN FRWR R B e, B DL Y O 2
ey > g 5 R AN W A8 R AR A BR A Y B
CEI) RGN IR S AT B X R R, B
FEIE A X AR T T E AR g R, E RN
AR ERE . B 2 R T ALAR SR S R JLAD 2
M52 I
L11 MHOCEERE ZHMERIAS T (Linear regres-
sion) : TELAE 1H | Ho — A8 8 (A2 A0 2 i 5
— AR PR A G R R, R, Lt ] E BE S L
AR Z AR IC AR, Hoh — AN d A B N2 52 e
I3 — AR R AR IR B> o 5 Z AR A 6
A 12 5 7% (Logistic regression) , 1% 54 J2HL
i 2 2 GUE) — B H R | 3E T 4 S R O
Hoadi T 0K i  Hh R 37 0 9 T ) i 2 g
TR CGERET), — MG T, 2 ET 2
SR L — R BSOR RSB E AT BR A, DA T 4 113 3000
FRE SRR LG, YT 02 m
W AR

TE B i A B T g R g T b, DL S0 1 4%
(Bayesian network )15 2] 7 J73Z M H iz 1A
B A TR R B B LS REAR
5 B AT 5 50 2 A 15 B0, 00 i 4 2K
55 i T P Fh 7 5 (8 2 K-4BiE vk (K-
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Fig.1 The relationship between artificial intelligence,

machine learning, and deep learning
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Fig.2 Classification of Machine Learning
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Fig.3 An example of decision tree
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Je B BE R o3 s AN

TEFRI —F S50 A A= a2, B — 4026 fn)
o B R ARG TR ) & Je 3R B B8 9% (Decision
tree), PEIRMIE W2 T 0 —Fh, 2 —FRHE 45
g, LAR A2 2R 26 7s B 1 A 45 28 | ok Bl B ok
T, 3 IR T AT by i PR R R A
RT3, R ARER R R E Ay AR A W
S5 B O S A R AR R R T R B S
15 1995 4F | DR 5256 38 70 R SR 505 A il - 42
HBEHLAR MRS E B ] LUE R i 2 D IR R
A M, I HAE— PSR Z (8] A ARG, 78
BAT Y, AP AR A Sr AT R B R R T
A PR S R R IR B 2 TR Y
VE R A e RELE R

bR T BIREPLAR I kAN, A PR
F SR AR Tz B . SRR AL
(Support vector machine,SVM) J& — Fjt Wi & 2% >J
1953 BB . B R BIAT G 3 SR 1
T X A AT 32, (AR YNGR Hh i AR A UL AT B
b T8 7 V- T, B i Y T R X T A
i PEAT R 3 B — AP AR e )R] LU
MR — 22k, R A Sy A B ECHE A AT DL
AT S AR T ok . SVM 42 M B H AR 2
FoR—HFRE, D AR A RS R R
oy EINE e AME S BR iz F T SRR B 1Y B
IENFEA G LR, S 2 g P RE M 2 T e X A
[F) R e “AEBGH T o PR RS 2 R4 D7 125 (Di-
mensional reduction methods) XF&UHE i) 45 1E $E 47
W2 o w1 Y J7 6 8 2 5 82 0t (Principal
component analysis, PCA )5 £ 4 ) 51| 73 #1 (Linear
discriminant analysis, LDA)' - 32 5050 40 B 2 —Fb
TC B B4 7 vk 38 AR B T R Y
FE Sy, R EZERFR N K, IR R R AL
A, AT 38 3 Wi 2 1) E RS T2 0 53 23 B U 2 A
WM, LA O SR — A B TR YE S
) vpr R e 428 [\ O RE A SO B B & B AR
[FIZEREA SRR AT, S SRR AS I 1, DA T 3K 30 e 24
) H Y
1.2 REEJ

W7 ) LA 2T — AT, B2

JE R 28 P 28 R 4R IRUHAT 21 2 IR 52 AR FRAE
PR JEAR GEAL AR 2% > W BGsiR Jy vk o AT LUK iR i
) PR O S — T h Z2 E M ot (AR PR R ) 4
IR B 22 I 2 HR Al Ak 2 9 3R R 1) —Fh 27
A5k B IR B 2 o] BAT UG Bl b A shik
BURRE A5 77 2 B ), AT DAPR B i e 22 5
FR Ta) L, DAL AT LA T 2 > B W H 4 300
TR B 27 ) B A 3 25 UL K ml 5 )it | e 3 i
TORRAYACH, SR IZ T 12 75 B R i ARG v E s
Ve 3, FAG—A 35 R 0 8000 5 vl Re e
TREE 7 ) 1) — RMER, LA IR B ] Tk e &
PAR COIA S IS R EN T R 2R b e S S S S e TR aY T F A
Sl T B S ARG IR A I B R B
G A R, VR BE S W MBI E BRI A A
T A2 P45 (Artificial neural network , ANN) #2FH
M2 M 4% (Convolutional neural networks, CNN) .
I LM 2% (Recursive neural network ,RNN) |
JZ 1) 1% 1% (Back —propagation, BP) . H 4 % #% (Au-
to—encoder, AE) 5%
121 AHCHEEE AR W Y I B 2 ) Sk
I 5 22 1Y) 25 2 S0 N TRk 28 W 4 I B Ti%
W 2% AL DL AR BT, 0 B 1) A% 7 T 45 5 4 AR b
LK N A 28 0 24— T 48 e R X T B ) TR
JEA AN Y Z — M4 3 RSN, B
JBALE 2 AT S (R0, JZ )3 5 % 42 i 400
ez giel Hor e 1 2 R A Z (TR
PN €/ & LA I VR €7 LR A AR Eh]
18 ZFRAE B T AT DLUE o B R A T s A Y
FRAE ), 55 2 T2 W BaRZ (R Ak B 5 A2 g A 1Y
Bl , HEGEZ 8- MMaEx RS L2
AT IE ), a2 2 Fa 2 ok i e
RSB R ISR ), B 1 OB B i
AE, W IT A ATTHE 0 B vy 280 B Y e 1] 4% 4%
S 1o} A% 1 1 25 10 6 2 — b 22 2 S Al 28 I % S
R PR 22 R G R AT U 2k . 00T TR
22 ) 4% v AR Y A5 % R AR R B, T R A
J A g AL S B U AL Y, 5 ANN A L %
FERY AT AT DR 2508, 45 A% B th 2 5 R
] £ 338 25 i )2 38 B IR ) 158 2 (R N 457 1 A% 4
AT 5 3 T 3508
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Fig4 A typical model of artificial neural network
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Fig.5 An example structure of BP network
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Fig.6 A typical model of convolutional neural network
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Conv layer Pooling Conv layer
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Fig.7 A typical model of recurrent neural network
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SF TR RS BB, I A B R E | AR AL
ol , N T g E AR 20 i TR K
fifp PR B i AU ) R Z2 Rk A, AN A 3 28 5 03
G UG AR | IA) RS R A J RAG U
DA B ™l i R 2B A I 5 S5 0 A ) 45 4R
BREAL A= AU D T AT AR RS B i
SR S E T A6 SN SV & 7o
PN A LA A ) AR R Tl Y — S8 5
FEHERE
21 HHFFIEFTRIRA LKA

B I S 2 2R B ATiE S H O R
14— B BT 55, TR A PR R AE B ) o
T AL LR R T EL A 40 R AT A N
B, AT &M RN B AR G R T RER 7
IR . R A P BOR SR IBCR b B
FRAE AR IBCR A AR B 2B, HATREE 4 1
GEARESY 3 SN R IR SRR P e Sy R
189 77 1 DR S A B 228 I 288 A6 700 53 Sy 3R]
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PG Ab PR SRTIR T 6 S AT R B, £ B 2R

Autoencoder based model

8 B B 0 g
Input [T Wi=y o Wi=2 ] Wi=x :Wn=u+x Wiz
Vector [H——»|_[—>| | —rj— _’ 33::
0 H 0 5 u
W w B u L]
=# ’ nr 7 7 nr
¢ h h¢ B hgy 8a(hl)
Dimension Relationship
Reduction Learning

8 ETHIRMBRIEIHIEZRS
Fig.8 Framework of the proposed autoencoder

based model™

PE AN S B B SRR i A5 ) Wl T
15 3 ) — M R
2,11 &R 101 BEE R S EUR 2T
AP R DL SR E 2= D7k, mife g
BLES 5 ) A T F sh 4R BURRIE, &2 8 2 F
AN R R, 5 SR X R B R
S X, B A MR R AR PR T Ak B
I R, RS IR IR B 2 T O ik
X il R HEAT 4325 o B UG R AR i 5
KT LGB ) 3] 2014 4F Bossard SEP261 8 119 & 5
101 $edadE, BEE &5 101 Bds 2 iy & A, —se kg
RIRAE BT BRI AN & A, X R K
2T EUR IR B AR A9 & e . Bossard 252
TR GE MBI AR 2% 2 J7 6608 101 B0 2 h i 2
PEAT 432 LB T 1 50.76% 0 4r 8 HERME L %
GRS T 101 0, B2 adAa 1000
e b A%, 26 A0 FH A0 B 4

Ja KA L BT 101 IR E AT T — &
B i 3 T IR 2 2 O Ik B AN 2, o e 4y
FAT 55 vh N T PR B FR 2 AT 1 44 50 FE Uk
3 (Top—19%) 5l 5 4 43 FEWERN F (Top-5%) . Xt
FHRIH, S ZEaWe it A A R K —E R
T 25 L, G SR 4t S e T RE A A 2SR
B, D) T 45 R I A TR A T R KA R
ERBIRT 5 A, HE S A HIEA 1 AR IR, 8t
SR E A, 7ESE T IESE AL % 3 A Bl
(& fh 101 B8 2 . UECFood —256 % 5 FE LI K
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UECFood—100 i & ) L AF 5% & A A0 £ 5 8 1)
WA TGN, ik 1 FrR , Hodg SR A B
= HE R RS2 Martinel 28T & 1) — Flg 06 35 B 00
KB R WISeR , & 1T H T8 & BZR IR
1, AT AE UECFood—100 4k 4 315 T e i 1Y
PR B Top—1% 5 Top—5% 43 % N 89.58% 5
99.23%,

B, 5T 2 S ik B R I B ML AR
), DI SR A A M RE , 91 40 Srigurulekha
PN T MAX &I HR 5 CNN M4, 1T
A PG v 43 s R A B AR HE Ty ik AR
Xf FOOD-101 %4k 45 52 B T 86.85% 11 4 i
Zhang SFPHETE T —RUELA 13 J2 B FUZE M B R
Lo IR T 3 A B s S iy ik BR

THE e AN A T RN A MR TS 2R 5 KR
TUNEERYAR LL R PEIR B 94.94% , /D L H &
i S 1 B R TR B 2 8 5% o Xu SFPEIE
1 A B AR T Mixcup B8 34 5 AL B, il )
T3 B opl g [ g A 43 0l O VGG -16 Mo-
bileNetV2 ResNet50, 3 i F§ CBAM (& FL 3 i 5
FREHR ) S Bt 3 3 Fh B2k 5 B 22 W 2%, Fe 243X 3
Tl 26 A5 o 2 0 245 A5 R 3 1) (9 S5 4 28 RS 1 4 il
K :Top=1%+5 Top-5% 4 85.15%5 97.11% , Top—
1% 5 Top-5% A 86.28% 5 97.11% ,Top-1% 5
Top-5%H 87.33%5 97.33%., A T8 Jr ikt T
CBAM {4 2 LA A1 Mixup %54 189 5 53 6k e A 3010
P e B o R o 2R HERA M

&1 ETF CNN BT ETE 3 M E & HIEE LUy H a0

Table 1 Performances of CNN—based approaches achieved on three benchmarked databases0%-31l
R B 5] HEA Top-1%  Top-5%

Food—101: 101 A& & £ 3, & BARAY 22 [ 24197 70.41 -

ANE 31000 5K B R L W 28 A (FoodNet )™ 72.12 91.61
WL 77.00 94.00
7k %Z M 78.50 94.10
5k % W %50 82.54 95.79
Inception—V3 (IR & & A2 K AW % 09 — FF ) +FPCNNHI 87.96 -
LA B AR 5% £ AP E W % (WISeR)H! 90.27 98.71

UECFood-256: 256 /> B A £ 5 R 0 54.70 81.50

B 1% BARAY 2 450 67.57 88.97
5k % W 2 71.20 91.10
ResNet-50 71.70 91.33
Inception—V3+FPCNN 78.60 -
WISeRF! 83.15 95.45

UECFood-100: 100 #F B A & & LS 0 76.30 94.60

B A KA E D 100 kA A K AAR 2 W & 76.30 94.60
7k Z M 80.60 95.90
% 45 B AAY & P A AL 82.12 97.29
Inception—V3+FPCNN®! 86.51 -
WISeRF! 89.58 99.23

TE = SCEEARE R AR OCH

212 XEHH SESENEMEBML, X5
PG B R B g TRUME TR D SR TR 5 S B A
ANESPAHRR], WHE —-FEAHERE T2
FlEr il A TG, DAt o3 S B A PO R 4R
FERBERFE SO 7 — XU e A TRl R, H RTAY
WHFE, REE TAEAFPREE T R U e F

P&, T e B gl i B2 P ok D7 (8 0 P R 47 8l IR
Z Je B 3 A/ KR o H R VE 2 W/ AR JE AL
CNN = 1 8 5 4 B0 TR B2 2 > A5 TR R 42 I 151 1%
REAE, J5g e A TN, — L6 B2 B e 14 52 0% I 45 A
BRIl REXT RIS A HA B R AR PERE

RN T 6 dh S8 R B HOAR 2202 I T8 b 1]
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1653 BN HE AR DL KRRAE TR 1] B AR E042-51 4R J 411 (5] 45
& 18] 2 v AT AT, TR L R (92678 Ciocca
LEJE T —Fh BT CNN A9 EFAME SR B &R 4,
FR A IVLFood-WS, H T AE/R B EI W E 9 s, %
T 7 v LKAl & A% 0 & R AT 20 b7, 2R
Ji 38 3ok 2 v 3 A SRR R S R B g
AT LLAS Bl P S ) 4 DA R B R I v g e AR
SN =R e i R A D& R A et U 8 ey

Food Localization

i, Liu SRR T — M T A TR B Z KB
PRI 2 B ] Efficient Det ¥R i 27 > #5
A B A R 5 T 1 XS R Y B S LA TR
B3, A BT T IE B Pk A B IR B i B A
AR I X ARAT Y 2 517 80T 1 8s 4 47 U1 5
A, I T 2 A0 R RO 4 | e i
FUAE SR PUN RS Bk B T HEw P 87%5 44 1]
2 97% 1) fE WETR PESS

Food Recognition

H

a —>< Weet, T,  —> WITsesT,
- '(h.
L — — & l
-O * \ . LO m/ Food | Retrieval
[S Da:
)

Results presentation

<HTML> I Food ID; Food ID,
<IMG> — — FoodID; =— ..
<URL> food, | Presenter Food 1D,

E 9 IVLFood-WS T{EREEX
Fig.9 Schematic representation of the TVLFood—WS work™*
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PAEH) 1 73 905 43 VEARAE O R BN AR 7™ i il
S B R AR A B dh Tl R AW 0 503 9
FEFERRMI T AT, Tsh o #hm - g 7 N T #
Vi XN ACBEI B I I EL 234 R R A 7 i B B AN
—, HErE Mk e 4 i pLas ot 24T 73 28 A1
IR, ST AR — B T I o3 0k R v A
R HErPLALE RG-S LA~ © 0 T & b
Tl F T S 7 ik 18 23 G 933 ARG DN T e AR A A
T b A B PR R A AT, AR T P B gy
Br o B~ DL AL A8 S5 8 SR AE 3 )™
X A KR b T HLAE A 3 ik b i B s e ik
Z HRHHRE
22.1 FhFag WAL I 2 HEE R
W ARG — AW, TR R A
AU B, T R S S SR
BN KRB, RAEYI T 15 LR AR 2 .
P B M S AN A%, Bk B
BRI R Y R MR R E5E, R
e E P HPP 2 N ERIN R, i 2 At
FEERGAF B BAR SPL a2 I BRML&,
XEARAE DB 5 BEAT o0 G5 50 49, A0, W SEE
T — P T R G TS AR (HST) TR B2 4 AR

26 45 (DCNN ) I FHE 22 Bl S PR 3 7 v 1%
T T —Ff ity 2] i 2% 2 7 U 2 O TR 2 L 22
W2 IS5 G000 3 Fh oy Jeas (B R S 4 ) 3t
PR S A )t LR S A T AL ) HEAT 45 A R
P, e M F o8 45 R om | e T IR B B 2 ™)
KR AL G o e ds, EMNR4E Rk B T
99.19% 1) 5% o HEB %, Nie 5N 3T 21 40 15 56 1% Al
BHAR GIRE SIS, HRsr I8 9238 22 N Fp
T 52258 kST, %A R D F5e /D 3 4 1)
GIMT L SRR R BIURTER B B 8 I 6% of A ST H
AT AR IR 3 R R R AT B, SRR
TR 3 R 220 0 24 A U AR A9 T Hc i 1 4 S ME T
P FEMRAE I, 43 A4 58 22 NP1 15 24 58 Bk 5
T3 WARAE T 95.93%5 98.24% 1) 755 43 FEHER R |
I LI 2 BOUE 19 38 I, DCNN AR 1) 4 i 1 15
FEIE BT T EL AR T BRG]

222 KBS X FRREET SRR -AE
TR, A e K R w2 7 5 s T
Yy st 3 B (0 D G RO R L O LK SR S AT 4y
AT B T Pk A [ o i A KSR b 4 2, A
FIRLLis i S8 8, UL JLAERE 5 TR 2% > By
HIR BT & S8, VR 22 18 T E 7K SR 43 2% b A A 700 40 B
13T RIS NGB, BN Unay 559042 T —Fp
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BT TG B 2 W 45 (CNN) 1937 21 206385 KA
GRIT TR 2 R (R R A
B AR ) IZ A (14 73 FEHERR PE IR B T 95.6%
TEZ 2032 vh CFF 3051 43 S B RlE 153 2R A ok
B B SR S 2R A ™ R R B Y SR ) B 0 K
JEiRE] T 87.1%, Helwan ¥ T — ff 5L T
A% 2] W 4% (ResNet—50) I TR £ 2 > J7 5 K B8
REITR ARG, Z RGN IR 2 ) R SRR
G, BAERE KR Rl e 7 4 0328 h it P sl A Bk
MR, BERITE R AL 28 b RIS T 99%
8 e A %

TEZ R KA 55, Mo 200 — 2 lifg
ARG TGS G b7 028, SRR BLAY 1
85 o RAT S5 AR LA IR 2% o Bl AN Mesa Z5H90%
TR N ZGOFTTR T —Fh 2o AR, 57 A%
PEAT 539, AV T RGB &GS R LA K
TREZ 22 S BRI I b B A5 5 A R 38 BB 45 1Y)
RoF P K Se RS RRAE SRS A80CR 2% 1 B i i A 2
CNN s s & AR g, 1E# X 2 ALY
XA RGB 85 = 63 18 L K A% Gt i AL a5 7 >
JIEHAT T I8, M4 R BoRIR A fir AREHY
ARAT T R e O TR PO 98.45%  [R] IR A [] A 401 1k
#] 97.43%., Ganguli SFMH H 3 F Fi e I 25 1 Tma-
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Table 2 Deep learning—based quantitative analysis of food and agricultural products®
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Applications of Machine Learning in the Food Industry
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Abstract The quality and safety of food is an important aspect of human health, social stability and development. En-

suring food quality and safety is a complex and multifaceted issue that must consider all stages of food processing, from

cultivation and harvesting to storage, transportation, and consumption. The application of machine learning to food pro-
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cessing can significantly improve the efficiency and ensure the quality and safety of food. This article systematically sum-
marize machine learning and deep learning models, and elaborate on the application of machine learning in the field of
food, such as image recognition, grading, quality inspection and food industry chain. It provides theoretical reference for
the application of machine learning in food processing to expand the research ideas of food researchers.

Keywords machine learning; neural network; food industry; food classification; food testing



