FOOD & MACHINERY

DOI:10.13652/j.spjx.1003.5788.2023.60037

FBESH BE 2628 | 2023588 | RS

[ X 45 ] 1003-5788(2023)08-0129-07

E T iH Faster R-CNN &= B 7k 8 43 2510 5]

Fruit identification using improved Faster R-CNN model
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Abstract: Objective: To improve the identification accuracy of
fruit categories. Methods: An identification method for fruit
categories was established based on an improved Faster regional
convolutional neural network (Faster R-CNN) model. Firstly,
the regularization method was used to attenuate the weight of
some high-dimensional parameters to effectively solve the over-
fitting problem that may occur in the training process. Then, two
loss functions, a likelihood function and a regularization function,
were added to the Faster R-CNN framework to optimize the
convolution layer and the pooling layer. Additionally, the least
square method was utilized to solve the objective function of fruit
recognition. Finally, the accuracy, recall rate, precision and F1
score were used to evaluate the fruit identification effect of the
trained fruit identification method. Results;: The accuracy,

precision and recall rates of the proposed method for fruit
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identification reached 99.69% . 0.996 8 and 0.994 8, respectively.
Compared with the other 10 fruit identification methods, the
accuracy, precision and recall rate of the proposed method were at
least 0.91%, 1.32% and 0.51% higher. Conclusion: The method can
realize the accurate recognition of different categories of fruits.
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Figure 2 Fruit image acquisition device and

itscontrol system

2. 1.1 MU AR MBSk AR DL I A0 Sk 2 AR A i
SR B R 10 3 AL 58 o B 38 A 1T 5 L TG B Gt X £
P 5 B2k B8 T T A BE B9 A [5] L D00 AR AL A% JER A B3 R

M RN Z 4= [0 Z R 1 56 R A R oRx Ny
Ly X Hy
Wy = He , (@R
A
Wo—— TAEM B GHPLE S R A BE 2, mm;
Le—MPLEE Sk A £, mm;
Ho— =43 R0 5 mm;
HS(>7$H*}L{§FE%§J:$%B/J%vam
A v B BB v S e B L TRR e B A P A% Uk
ar PR EEWR LT CR
Mo _ Mo (12)
Hyo Hs
A
Hyo—BEE E MR R ERFE , mm;

H— E{& &, mm
Hs— ARBLAL 25 19 5 B, mm,
ARG (), LS LR & (Hso)
VB Ry AFeAs &
W,  LeXH,

Y - (13
H, Hs X Hyo

131



132

™iE 53 % STORAGE TRANSPORTATION & PRESERVATION

YRR CH o) FIEG Y R B (Ho) R E R 1,
FBAGRTEREE =48RR P 1 mm EHR £ H
PR A AR R 1 AR R R . BEMRE BE CH D RLE R 2%
185 CH o) 3 F AR H i 5 19 AR WL A% R A lE A T e %
2.2 ANEENEUR 5 E A IR R TR DR 48 & = A1 B A
T IEG R, & 2 PRSI LED ATt — 414k Lols
F (Chip-on-board, COB) 2, LED 41 i , B4 % 48 3% & vh 4t
WEA 4 AN LED AT, & AT18E B9 M 09 & 5 53 30k
0.91,1.52,2.13,2.74 m, X% LED 7£ 45 i 18] P i 7 9K
gy A K M N RO, A A LED B RO
173 WOt &2 12 372, A~ LED [ 1% & ik vh 2 2 4
TNE 1.6 kW, BAS I SEAT 19 i B T 60 25.6 kW, & 2
w5 IR R B i T 12 V,0.216 KW+ b 85 4 1 ol ot 1L
FL 5 2R G 1 LA T8 401 A 1 L b R TR

FER A S ) i T BRI AE . D o 2> BH O 1 BR 5%
4 5 1 o DA 77 2 B8 1450 () 7 B RORE €0 {5 @ Fu v/ 4
HABIL AR D 1] o 52 B 1) 33 A BT 0620 5% i AR AL R G e B
YR i B R IS SR . MRk REAEAT RIS )
i T R 3N R AR 5 3 B 3R A28 S BRI R
SR 2 P& BRI B B 1T 5 ik 17 4 0 L 7 45 A IR R 4R
I i) Bt A AT AT 5000 Wi 4 3 6 v A IR A AR TR g Bl i
BB AR

LED ) 33 % 3% 3h 7T fig &5 B & #4010 53 36 JC % 44 5 (H 7
S FoF [0 G 24 % 2045 00 F 40 IR SR .l %K
MG R S22 B R 4E 85 FlUK SR Ay 11 788 sk E R . IF LI
X SE K BRI Sk A . 45 & google EIMRHE R AR5 1Y 53 Hb
46 FhK A 4 600 B EMR . B KR EUR B E .

2.2 HiEE

TR K 5 50 07 B R RE A K B RS BOEE b
131 Fhk . B ok @ 4 A B0HE B Fruits 360 #04%
FENS L E AR L ImageNet £ # RN R VegFru 3% 4
PERT . B AT R B R B A 100 1R X100 R K. Xk
P15 ) 2 B 2% [0 5 Al e 2 7K SR AT 40 48 B9 K SRR 5
B 2~3 A, SRR K SRR O vk e B
B G v I — 5 43 K R TG R I R 0 4 O e kA T
HKARARIC

Rl K S B B 10 800 SR B S I AR R B AR L A
F1PR.

x1 RBHEE

Table 1 Raw data set
i UEREIES W3 A5 3 4R BRI
SHIERCS R 5 EESS
Fruits 360 6 550 3275 9 825
R e 3930 1965 5 895
ImageNet 6 550 3275 9 825
VegFru 6 550 3275 9 825

B 262 81 | 2023 £ 8 A | RS

2.3 HiEIEE

WeR ARG AT DL @A A Y B T 2 A XA
Bl T 1R K SRR 0 o SR RO Y . B0, < Stern™ )
VARSI 52 BE AR A0 i R A R L3 v AR IR IR . 2R
RS o i S Ny W T B ol I 7 A X U o
I B SR 540 5 L 45 1E 8 06 BT 0 X 38 5 18 4 X8
PR B €01, 25 5 8 A 5 oM 53 T 7K SR R A 1 TR ot 3 T 5%
Wi K SR B O A ) v R R ORIORS BB L BT ok R R
R-CNN i [ & v B J7 B 3494 5 AR 3 58 K R E5 . DL
GRG0 5% 0 L IR X TR T R 1 S
BT REA BRI SR 2R . P R B R 4 K SR R 5
DEEBHRSHEAEN LMo REd FETAEMR
S A L7 95 T AL F S TR A R () AR S o AR AR KO
B AR ERE 10°F 207, M b0 SUBUIE 5% S5 A B . 0 SR i
B Ja AR G 1) B bR A AT AT R S8 B oE 4 Bk KR
FRiC 4 5 .
2.4 EEIEIR

FFHHERG R I H R R A FL 40 8O0 I 47 1 7K
RPN I L AT R RPN PR PP AL . AR BB R kG
JEFNFL o3 %005 L h

Avcamy = TN X 100% + (1)
P rccision = NHN+\IH s (15
Ruun = i (16)
o = S
S

Nop— HSEH BIPEREA K5
N e — B PR PEAR A KL
Nev—— R PEREA KL
Non——HBIEREA %L
C—IK A 51%
Avcoureey — TEHISE 5
P[)rcci,\ioxxi*jﬁ:bﬁ% 3

Frronn—F1 5388
3 i LAEE S R b
3.1 R

P I 5 A 34 18 ) — & S8 0 A I AT
fii & B¢ H K Intel Core (TM) i7-7700HQ CPU @
2.80 GHz.6 GB GPU GeForce GTX 1060 il 16 GB B #l
A, FTARIF B RA C++ 45 . 8 CUDA,
OPENCV i, 7E Windows10 &% Fi&4T.
3.2 KFRIAH A E MK

W WFIE 2 B i JF Faster R-CNN J7 ¥ 76 M 3 40 47



&M | Vol.39, No.8

£ EIFAT T KRB R 5 . MR A5 R R BT 42
0 i R KR TR B oE B R LORS B Rl H RS R
99.69% ,0.996 8,0.994 8, LAXT 19 Fd WA IR 51 A
161, BAF 50 4 HH B T 6 19 Al D A 2R i YR 3 o A R R I
R a3 i .

R A 0 TR VR R I L B 7 KR IS A0 R ST AR Y
o H A 12 A ADK SR B 43 Fe i R A F) 100%., M
TR VB AR A1 U, o 2 8 7 R 285 1) 4 5% 1R 03 1 T g A PR O
B PR R R MR G 6 B 51 0 R 26 2 I B AR ALY B0 .
e 4 BRI ME R R IR AR R L. A S S
T R AERE RIS 77300 KRGO R,
o5 — e RURVE BN R 92.13% . RIS
2 0 5 9k X — 2 K IR A R 0 HE R SR AT R R R (H
He R K SRR B A 23K B T 99.69 % , 7T LU T 92 bR K R
a3

FEELA Fruits 360 F0¥5 )% . @ 2 #9E J%  ImageNet 41
o E AN VegFru B FE (1 K 5 B% F B0 42 i 07 56 1 K
SV A I 3 A L K R RBIORG B I R 06 R i 4R
WA 4 TR TEis KR EHG Rk B IEA BoE PR L B SR
J7 ik R R KRR PERE

X Fruits 360 #¥E 2 . H #8098 )% . ImageNet 4 &

BT & Ty Faster RONN BBk R 55 iR 5

I VegFru $4 FE thoK R AT RN B U I 3- 2 iR, X
T A R4 IR SR 48 10 B O R B AR T R AT B K R
JIMETAR S RSB L nH A F1 2080, 5t 40 iE B T B 5 4
B 7 18 6 AN TR 7K R PR3 A LR B 19 5802 fk e

3.3 K RiDHIHEBE LB

FEAEFT 3 0 B 7 vk (B T e iff Faster R-CNN £ 5 [1)
AR 7 20 B K SRR fE S 13 2 CNN BA) B
HE B GoogleNet? 8 J2 CNN i #I)  Mask R-CNNFH
R-CNNHY | CNN-LSTMM | ResNet50°2%  #71
DCDM" 7 gt 47 T X b o 45 R a3 3 Frs  BF 5T 48 i #  i3:
X 7K RPN 00 o B 2R OR BE R Bl R Lk A ik 2 A iR
BT 0.91%,1.32%,0.51%,

YI G (] B T 7K R 5 2 v 25 8 i 7K R 26 1) 8
0 P A 3 A A TR 2 R OR S B A B k. A, 7E SOk
[26] . ResNet50 5 [& T #5 /b (19 1% ALK BORAL = 27K R
AR5 7ESCHRC11 5, Faster R-CNN B8 H X — 87K R
BEAT PN s tESCik(12] 70, 8 J2 R0 13 )2 1 CNN BRI Y 25
JET 18 ZEAKCR By R s 7E X BIF 5T 4 A 1 O s AT I
BB BT 120 Aok A, R, 5O K R 43 25 T B A
Lo B ST 4 I i Faster R-CNIN A8 5 (14 Il 25 B[] AH XF
K,

Faster

ATER AL R

PLETPES

bk

T

==F
5

BT

0.6% 71%
1

V)N

O

BT

i

i

51

%5

5
Actual categories

Bk

100.0%|

IKE B

bk

L

By

3.6%
6

TR

il

B
#

A

&
=
£

X

PGSR

Identification results

Pl Hh X 2k 2 TE W PUBIAE A 19 1 23 BE L AR X 2 R B R BUI B 23 1L

A 3
Figure 3
by the proposed method

AR 69 7 k2 19 A L

An example of the confusion matrix for the recognition accuracy of 19 common fruits

KRG IR R A AR S T )

133



134

™iE 53 % STORAGE TRANSPORTATION & PRESERVATION

1.004
0.95
0.90
st
s 2075
£ 0.70
0.65
0.60
0.55
0.50 : : : .
0.0 0.2 0.4 0.6 0.8 1.0
EFEES
Recall
(a) Friut 36055 E
£
7
&
0.50 : : : :
0.0 0.2 0.4 0.6 0.8 1.0
EFEES
Recall
(¢) ImageNetiﬂ[ijﬁEﬁ
A 4

B 262 81 | 2023 £ 8 A | RS

HEBE

Precision

0.50 . . .
0.0 0.2 0.4 0.6 0.8 1.0

EFEES
Recall
(b) BEEEAE

HiBE

Precision

0.50 . . . . ,
0.0 0.2 0.4 0.6 0.8 1.0

(EFEES
Recall
(d) VegFru%ﬂEJﬁ

st EANAREEFRKRERANGHEEFAGBREZA

Figure 4 Relationship maps between the accuracy and the recall rate of fruit identification for multiple databases
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