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Abstract: Objective: To improve the classification accuracy of
strawberries. Methods: A method of strawberry classification
based on improved CNN was proposed by improving CNN
through mixing pool method. Firstly, through the combination of
maximum pooling and average pooling techniques, a hybrid
pooling method was obtained. Then, the hybrid pool method was
used to improve the generalization ability of CNN model. After
that, image data acquisition, image preprocessing and image
feature extraction were carried out. Finally, sensitivity,
specificity, accuracy., recall rate and F; score were used to

evaluate the effectiveness of the trained strawberry classification

method. Results: The sensitivity, specificity, accuracy, recall
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rate and F; score of the proposed method for strawberry
classification in 16 pixel X 16 pixel images reached 0.993. 0.993,
0.994, 0.992 and 0.991, respectively. Compared with the other
five classification methods, the sensitivity, specificity, accuracy,
recall rate and F; score of the proposed method were improved by
3.44%, 3.96% . 4.26%, 3.92% and 4.08%,. respectively.
Conclusion: This method can achieve accurate classification of
strawberries with different maturity, and is expected to provide
technical support for the research and development of high-
performance strawberry packaging robots and supermarket fruit
automatic recognition machines.
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Figure 1 Imaging acquisition system

KABE ETH#H CONNHWESRAES LT

st ER AT AL HL, DL AR E R RGN 5.
PRI R TS 5o 0 5 4 05 A
HHTFMEME T, S#EEHER gy ELH .

1 if fle,y)>T

9 (1)
0 if f(x.y)<T

g(x,y):{

L

[ ) —F IR EE

g (xsy)— 5 EG B EHR (HERD)

Ty R R AR

T— E AR BE,

Ry S B R AR MR S R B B R A Otsu 7 ik X
JE R PR R AT 89 A 2, DL 25 R AR P s X R
Ja I B TE 25 2 I A BT SR TR A B B B B
MY B RE PR AR 3R 7 R RS . IR i H R R
T, 3 vh s IR R h (AR TEAR 3

B T3 0T R OR 4 AR 40 3R A3 1Y TR AR AR R ~F R
(500 8% X500 15 3) , BEAK T BG4 BT A0 b 38 (1) 38 B2 A0
REEETST . Sy o BT UG R H S PG Ak 0 B | TR v R A
a3 SR BE 0 5 0 o 5K R A6 BAE R 4 S R 46 3 A
NP BB 16 23R X 16 23K .32 8K X 32 RER A
64 1R FE X 64 R FEEMER ., Mo, R EME ) R A E QR AT
RFARIE LED 4144 T SR AR 1 R 88 B Hls 30 T 76 5 22
Xt AN A% 38 R R g AR 0 b 38 P R B LED R B A8 4k
X AR G A R R
1.3 HiEigE

B 1 5 S — AR S 2 T R O TS T AR I
AT . A B G SR T R BT B M Y R 4y S Ik
PEAETE 2 1 I R A RN B R T 4R O vk B9 R A ST
R ZARE ST . SO B R 4T B AR I RN £ Ak
O A P, X RN T 8 AN AN TR AR BE Ok
WL, B EAE T 719 dk EIME, 7E O 47 BN B o
J5 A 14 380 SRIEME AT H TNk JFK 4 22 22 1
a3 B B0 AR D0 3 B30 4 R 46 F B0 4R
2 FETFBGE CNN IR R85y J iR

FF Pl CNN W REAE S JEHESR G & 2 BT/ 5 i HE 28
87 FH I 4 4R v 1) R IR S L B b o 2R 45 R N R
K R B AAE . B CNN B R 4% 48 B2 it ik
J2 RN 4 e 2, LA A IR i A B R A R

R s 9 IR A i T R R T A A R o 6
G (B 3) « AT fi i 28 (R AR 2T €8 (H 5438 43 O 5
e SR A B CRAR o e a0 B SR IR 5 H ) |
KRB (2/3 AL LT B4y 43 1 B B TR L B
TR B ) B 0 3 8 i 1 R R R i & 2 HLR R ) |
52 42 A CRAR GO BLUR R 2 S IR A s G 41D . o i 42
S O b, B B CNINE FH R BE 25 40 o = 28 R

131



132

& 5 R # STORAGE TRANSPORTATION & PRESERVATION

B 2648 | 202310 A | RRSYM

—>| R | EEE

@) )
Q@
0)[®)
@)[®)
A S Sua] S|,
S | S| S| S,

max | max | max | *mas

WIZRH Beit) A
Shyh Sh,h

’::> Shy]\ Sh,»
Shyh Shyb Shyh Shyl)

Shyh Shyb Shyh Shyl»
AL X I DK B AR

oeee

ddee

a7
i

oeee

Q
©)
@)
O

()
@
O
@)

ddee

) B

WAL
(RVS)

30
ARy
E et

H2 ATEZRESENEABRNERMBZIER

Figure 2 Convolutional neural network framework for strawberry fruit classification
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Figure 3 Strawberry sample photos
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2.3 CNN %4
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Table 1 Configuration of CNN in the proposed method for processing 16 pixel X 16 pixel images

= HAR IEWAE R umvE AR s EME&SEGE SR HR BRSNS BRWELK BdRnE
0 A — — — — — — — 1
1 &M 3 3 20 1 0 3 1 20
2 a0 —1k 1 - - 1 0 3 1 20
3 RA& 2 — — 2 0 4 2 20
4 G 4 20 50 1 0 10 2 50
5 it A — 1k 1 - - 1 0 10 2 50
6 R At 2 - - 2 0 12 4 50
7 HM 2 50 500 1 0 16 4 500
8 B0 —1k 1 - — 1 0 16 A 500
9 RELU 1 — — 1 0 16 | 500
10 A 1 500 10 1 0 16 4 10
11 Softmax PF %L 1 - - 1 0 16 4 1

x2 ATRHENZBEXRZGREGHFEAER CNNWEE
Table 2 Configuration of CNN in the proposed method for processing 32 pixel X 32 pixel images

= F A WE AR R E R AR AER BRI SR K AR BREZERS BEZELRK RIRRE
0 LN — — — — — — — 1
1 &M 3 3 80 1 0 3 1 80
2 it — 1k 1 — — 1 0 3 1 80
3 R4 2 — — 4 0 4 4 80
4 &M 3 80 90 1 0 12 4 90
5 it — 1k 1 — — 1 0 12 4 90
6 R4 2 — — 4 0 16 16 90
7 &M 2 90 1 000 1 0 32 16 1000
8 fiti g —1k 1 — — 1 0 32 16 1 000
9 RELU 1 — — 1 0 32 16 1000
10 A 1 1 000 15 1 0 32 16 15
11 Softmax PR %L 1 - — 1 0 32 16 1
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Table 3 Configuration of CNN in the proposed method for processing 64 pixel X 64 pixel images

= p ] EPRAT MRS AR uEuEas o PRk MR OBRZWRSY BRBLK BERE
0 i A - — - - — — — 1
1 HH 4 3 90 1 0 4 1 90
2 R IH—1k 1 — — 1 0 4 1 90
3 RAET 4 — — 3 0 7 3 90
4 HH 3 90 60 1 0 13 3 60
5 = —1k 1 — — 1 0 13 3 60
6 At 2 — — 4 0 16 12 60
7 &M 2 60 80 1 0 28 12 80
8 R IH—1k 1 - - 1 0 28 12 80
9 e 2 — — 2 0 40 24 80
10 RELU 1 — — 1 0 40 24 80
11 HM 2 80 1 000 1 0 64 24 1000
12 RELU 1 - - 1 0 64 24 1 000
13 L 1 1000 20 1 0 64 24 20
14 Softmax PR %L 1 - — 1 0 64 24 1
CNN i % A S — A~ [ K/ 9% 6 S B0 bR 4L A - Np+ N ’ (10)
1 P B 2 0 OE 2 L TE 76 B8R — )2 B B Soft-max " Nap+ N+ Nep+ Ny
AR BRE, S T I ONN 9 91 25 96 0k > I 2 S~ T (1D
WA AL B SR E B U2 TR )2 (& ReLU (1 N
J2) 2 It 0T — A2 . it R U — 3 A/ it Speatieny = g TN (12>
AR AGEE F O E e FITT 2 of W H A 2 Np
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Xt Rm”:L, GP))
x ,—MJWO (8) Nop+ Nex
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H TR 09 43 26 07 Tk 5 LA Oy TR BT IR
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FA~F 6 WAL BTN 16 R X 16 FREB PR
BN 2 B A TN B R S R RS BE 4 BN 99.4% .
99.3%,99.5% ; LA I I A X 16 83K X 16 B FE EIZR
e B 2 BN B S R 1 R T RS B L 3R A 56 O vk ket
L6 E X 1613 K EIR A 3 A BE 99,4 % .k

R4 REAESEMAEN 16 GE X160 GEEBKSD
ARAEERIRMBMRLER

KABE ETH#H CONNHWESRAES LT

B PR BUAR R AR A R WA E 2 A WX 4
S R D7 B X 16 1R X 16 R KR R a3 2k R
ST 0 28 R R ARG T 358 22 1 2 TR A 5 8 Jr TR 16 1%
F X 16 15 3R FF oK A 2 80 R B RE 1 4G T %
Z AR 0.6%.0.7%.0.5% . 2 b, k5 5 1
32 R E X 32 (R FE M 64 13K X 64 B R A MG PR & WK
K B0 5 43 5014 99.5 %0 A1 99.6 %,

P50 T X R R S AR 5 TR R 24

Table 4 Comparison between the proposed method and
other methods for identification of immature Y FERIR ) J7 3 (strawberry recognition method based
strawberry fruits in 16 pixel X 16 pixel images on deep residual learning, SRM-DRL)™, YOLOv3™
ey SHUE TR RE BEE FH Mask R-CNNM* 3t FiF £2 24 3J (transfer learning, TL) f
TL-VGG16M14 0.971  0.972  0.972  0.974  0.971 AlexNet (TL-ANDH 3 FHE 8 5 2 1) VGGL6 (TL-
TL-AN] 0.968 0970 0968 0971 o096y "OCLOTTHATMIL HRIK TR,
YOLOv3[] 0.940  0.941  0.940  0.941  0.941 TR I H 7Rl HOG Jr ik SR U 5 P (3R
Mask R-CNN[T 0,941 0.941  0.940  0.941  0.942 MEIRF X0 5088 5 5 20 HALR ST o SAg A R R 1 A
SRM-DRL2! 0.946  0.948  0.948  0.946  0.948 B RS BAE T 9y ST IR MM AW AR TR LT
W57 (LBP) 0.991  0.993  0.994  0.993  0.993 AT D7 35X 64 43 > 64 R 3 T8 R0 0 5 19 23 SR
KL (HOG)  0.993  0.994  0.994  0.994  0.994 febf
R7T RBAESEMAEIT 16K X16 GEEHKH
x5 HWAESHMAZEI 161K X16 GEEKF HE SRR
FRAZERTAMAR LR Table 7 Comparison between the proposed method and
Table 5 Comparison between the proposed method and o
other methods for classification of half-mature other methods for classification of strawberry
strawberry fruits in 16 pixel X 16 pixel images fruits in 16 pixel X 16 pixel images
Ik RHOE FRE WOE AEE R ik RIE AERIE R PR
TL-VGG16[14] 0.969  0.972  0.969  0.970  0.969 TLVGG16 0.9700.972  0.9710.972  0.971
TL-ANC1] 0.965 0.971  0.963  0.968  0.966 TLAAN 0.967  0.969  0.965  0.970 0.967
YOLOv3M 0.936  0.937  0.940  0.939  0.938 YOLOvS 0938 0.940°0.959  0.9410.910
Mask R-CNNCPD 0,938 0.939  0.939  0.940  0.937 Mask RCNNTEE 0.0 0,941 0040 0,041 0.940
SRM-DRLO? 0013 0945 0045 0.044  0.943 SRM-DRL!2 0.945  0.946  0.946  0.945  0.945
S (LBP) 0989 0.992 0995  0.991 0992 5 75 2 (LBP) 0.990  0.992  0.993  0.993  0.993
R (HOG  0.991  0.993  0.993  0.991  0.991 W (HOG)  0.993  0.994  0.994  0.993  0.993
%6 RBFTEEHMAE 16 8=X16 B=E &S xS REAEEEMAZEINN 2 HBEXR2BEBGH
AP R TR R B EERINRHRUR
Table 6 Comparison between the proposed method and ~ Table 8  Comparison between the proposed method and
other methods for classification of mature other methods for classification of strawberry
strawberry fruits in 16 pixel X 16 pixel images fruits in a 32 pixel X 32 pixel images
VRS REE FRE KHE BARE FR V2R7S RUPUE FEFE OKHE HARE F o
TL-VGG16[14] 0.971  0.974 0.971  0.973  0.972 TL-VGG16[14] 0.975  0.978  0.970  0.976  0.973
TL-ANC1] 0.969  0.971  0.965 0.971  0.967 TL-ANH 0.970  0.973  0.971  0.972  0.971
YOLOv3[1] 0.939  0.942  0.941  0.942  0.941 YOLOv3[1] 0.941  0.944  0.940  0.944  0.942
Mask R-CNNI3] 0,940 0.943  0.941  0.942  0.942 Mask R-CNNI31 0,943 0,945  0.943  0.945  0.944
SRM-DRL 2] 0.946  0.946  0.945  0.945  0.945 SRM-DRL!? 0.950  0.952  0.950  0.951  0.950
W57 2 (LBP) 0.991  0.992  0.994  0.994  0.993 5 75 7k (LBP) 0.994  0.993  0.993  0.994  0.993
WY EHOG)  0.994  0.994 0995 0.994  0.994 R HFEHOG)  0.994 0994 0.995  0.994  0.994
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K9 RBRAEEHMAE 64 FE X641 GEBEEH
EERISEHREER
Table 9 Comparison between the proposed method and
other methods for classification of strawberry
fruits in a 64 pixel X 64 pixel images
VRS REE FERE ORE HRR F a8
TL-VGG16L14] 0.981  0.982  0.980  0.982  0.981
TL-ANE 0.980  0.982  0.979  0.981  0.979
YOLOwv313 0.942  0.945  0.941  0.943  0.942
Mask R-CNN3 0,950 0.947  0.948  0.949  0.948
SRM-DRL[2! 0.955  0.957  0.954  0.956  0.955
{55 )7 ¥ (LBP) 0.994  0.994  0.996  0.994  0.995
R J7 ¥ (HOG)  0.995  0.994  0.996  0.996  0.996

IS X 64 1% 2 X 64 1% % F % vh & & R4
RRYE FSEEHE. QR REMF 580500538
0.995,0.994,0.994,0.995,0.994, % 64 12 % X 64 {42 K K
B RERE R S R R R ORI L R F S
B At T 1 43 B 3 R e T 2.54%6,3.14%,3.36 %
2.48%.,2.24%

X 3222 X328 E M 64 4K X4 g X E G rh
RER Ay BB L R 50 7 X 16 R X 16 R R EG
FORE R SE 1Y 43 S RO R S B MR BE A B SR F 43
BOEAR L ABAT 4 9134 F) 0.993,0.993,0.994,0.992,0.991,
H L HAd T % 43 0 P 4w T 3.44%6,3.96%,4.26%
3.92%,4.08%,

g5 b T O R AT Y AR R S A 28 TR AR COFS =
99.4 %) IR I BT 42 119 4324 J5 v WT LA S A B DR R TG A5
BT FOXT B85 SR S R AT A 0 4 2, A, 5 H i 43 2%
J5 A B R 0 R TR 43 98 CRR) LED B &%
o YRR R L B A Y A SRR HOH IR 4 B R
(LED 2% 55 ) Pl 45 i it 30 85 2R S 70 2 A 40 o 1 4 2 0
R,

A HOG J5 B 7E 32 W R R AE J7 1w 1 e O T LBP
D5k SR H R HOG 7 2 32 BURE %5 B 4 45 1k 1t
A HTHEARTE A B AR R ST T 3 O R E 45 R —
. T Ou A Al i AR 5 R B R T B B b A AP
B Ak, DTG 78 20 k48 T S R A A0 35 Ak Y O
X T EAGRZ M R SR p R A AR
4 Hig

i TR A A T CNN SE A7 it 4R T — b 3t
Tt CNN B A5 K 07k SR RY . 5HAb 5207
AR M B 7 I R R 43 BE R OR R LED BEE) B R
14 B 2 SR S B TR 1 43 2RO . BUXHIG 43 B # (LED
TRBE 55 ) R v i B SR S AT B B W 4 2R ME T B
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RIS T X 64 183 X 64 15 3 BGRB8 5 5010 4y 2
AU HAr S R RS R R R F 434K
3513k #] 0.995,0.994,0.994,0.995,0.994 ; ik 8 J7 B X 64
BF X 64 B R G R 43 28 RUE R L R4
JE A RURFTFy 4r 8L A 7 2 43 R RS T 2,540,
3.14%,3.36%,2.48%,2.24% ., IKH Iy Xt 16 {2 % X 16
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