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ABSTRACT: The work aims to use different artificial neural network algorithms to predict the holding time of cold chain in-
cubator under different cold storage agent parameters in order to find the most suitable artificial neural network for evaluating
the thermal insulation performance. The experimental data were randomly assigned to the training and testing samples in a ratio
of 4 : 1, and three artificial neural network models, namely BPNN, RBFNN and GRNN, were established respectively. Three
evaluation criteria, namely the decision coefficient R?, mean absolute error MAE and mean square error MSE, were proposed.
The predicted value of holding time and the specific value of evaluation criteria were obtained by the algorithm, and the neural
network with the best performance was optimized by the random walk algorithm. By comparing the three evaluation criteria of
R%, MAE and MSE and the actual and predicted values of holding time, it was concluded that RBFNN neural network had
the best performance, the most accurate precision and the best fitting. Its R* was much higher than those of GRNN and BPNN
neural networks, and MSE and MAE were much lower than those of GRNN and BPNN neural networks. The three evaluation
indicators reached 0.999 93, 0.009 63 and 0.062 86, respectively. The performance of the optimized Random-Walk-RBFNN was
further improved, R? was increased by 0.004%, and MSE, MAE and running time were decreased by 60.02%, 34.20% and
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5.29%, respectively. RBFNN neural network is the most outstanding in all aspects, which is more suitable for evaluating the

thermal insulation performance of cold chain incubator. The optimized Random-Walk- RBFNN has better performance, im-

proves R%, reduces MSE, MAE and running time, and achieves better evaluation performance.
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Fig.1 Histogram of holding time data
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Tab.1 Parameter of cold storage agent
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Fig.2 Structure of BPNN neural network
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Fig.3 Structure of RBFNN neural network

RBFNN 141z 473 #2 5 BPNN (13 #2 R Eom L
ANFEE CEEEEEE) F .

1) BPNN 5 2 ik & 207 S5 5%,
RBFNN N R{FEE

2) HIHF BPNN ({255 4, RBFNN #145 ( 25 78
FHERT 95 B E 4 NS, A ORI newrb PREGHAT
FIEEM 2%, T2 er ( HERPTT1RZE ). mn (HZITA
B KAE ). df (BRRIETT I AR A 140 ) 1 spread
(FRmEY s )4 NS4 /i 3 MR A E
ASCHE er g 1x10°%, mn H 300, df Jy 100, —fi%
spread i i AR, B ER2ZE TN A SR H for
TEAEA], AW EZ A 25 1M, Bk
iR 2% (MSE), J#E4T spread A9 2m, HEIF
et/ MSE {H, IHFAY spread {HAFE S Bt 174 1
RBFNN,

3) HHET BPNN A BE 4 (M EA94H:, RBFNN
F Ty g A AN, RIAH newrb & ik i (1) 4 4~
SHGEAT A . IR R . A A B RO 2 1)
12 B — BRI FH v 4 ek BV S R B, LKA AR
HEFBERIMZNEAEE, BEMN (4) Fir, 5%
J ) FH 02 21y 1 2 A0 2R MR A T4 H TR
HARIL (5) Fras, RBENN #1258 j 2% J. 451 BPNN
IR 5 T E M %S5

e C) T BRI 1 2R
5 (i=1, 2, 3) WEA TS £ A5 5 AR A
d, WIS j AR o WIKEREG b
HIRTIHE y W 2 A FIG

9
y=2 W )
=1

A o, WEEUR YL j A s gk th a2
Syl R EE S w,, BRI A AN S E
fi M 2 A B KU

4) 5 BPNN 4% 8 Mk, RBFNN Ay H—
FEmEA AR, B RBFNN 28 0 £ 1] FH 15 22 B8 et
JEAT S B 2 Z R RS ACE , DU R 2 T
MZEH FEEEME (MSE B0 1x107%) Wjfe

2.3 GRNN #4204 2 1%

GRNN Mg 2 —fa B A . Bl KL
K20 4 JZRTIA ML, w DU FH 2 R pR R
“AESBAGTTA AR T E LA 7P, ARK A GRNN
L5 4 TR  GRNN M W48 TRl B AN : 1 %8,
T2 SR B Rl s 2R A SR AR
FZE AN 1 A2 TR EE R y BRI ZE 03X 2 Fh
FRITREECZR A, 158] 2 S5 B)afmbAGE N y
SN R S PP 30 iy B WL OE L EZ W O Ee SO
GRNN #1252 LG S50 spread , FEREAS /D B8
5 BEAS T B e ELA R340 R — R ST Bk,
FF HUGSE | JELME R EGEIE LTS o (A2, fAAETH A
2% ) A 2 R A T A N 63 T T R BGE Y, DL
TN 4 72 52 2 POV i A e AU Y

BWAR

AR

Kl 4  GRNN #2026 25
Fig.4 Structure of GRNN neural network

GRNN iz113 5 BPNN MUAILL, AE A (£
FEEEL) WF .

1) BPNN 8§ 2 Fi 4297 540, GRNN
P28 P £ TCATRAE o

2) Hi%T BPNN AUETE 4, GRNN 45 754y



a4k IS

WS, A N TP MR AN R 35 V8 701 2 80T PR IR REPF A 1) T <179 -

HI T & spread YelF I+, FIH crossvalind pRi%K
AT AREAR VAT k 538 XHUE o K REAS TP AVE Al 2k
EFEEARANEAE N crossvalind BREL N ( WELREAR
o), W K CESMFERE) N S, A RED
ok 1 ASKRERIE, BT 4 Ak, IHMERER S
W, #E spread HY for IEHPEIN, AMrEZHMAZE
By R, SRR R R 25 . Y MSE Ak #|
Hof /N ), B B B B spread (AR B S0k
Ay 5 I 445

3) FH%EZT BPNN U 4 11 o 25 ¥4 B A5 AN ]
GRNN F| H PR %L newgrnn 13 H 1 fe 4% spread {H #1744
A g HNE AR . BEARIE AR AR, R
i (6) MBI )RS SUEH . SKFZEA Sp Al Sy
2 Fh, BIECZ A B Sp EMAGE R 1, BRXES
WREE] Sy ARAES y, BENREHX (7) 5
i, wrmadat (8) 153805 2 A FAE .

G =x)" (5 —x,)

P=e 2 L X =[x, X%, X1, i=1,2, -, g (6)

X PoAREEUZ B TR AR X
R BT LA ARE AL R 1) 45 x, A Z B
i NIAREAR; o ASBOLEHNT.

q q
SD:ZB’SN:ZJ’H'B (7
i=1 i=1

K Syl Sp A BIASRANZ Y 2 Pt (AL
TN 1 BIRRZICRIALE Sl y AT ) B R 455
v IR S | A1 R SR FZR) Sp &It )
A KM

SD

y =5, ®)

Kby N E 85 R

4) Mi%T BPNN £ 3%, GRNN %5 1 2 H—1k
SAE R, JCANE TR 1Y R AR

3 HWMEMBITMIRAE

AICXF BPNN, RBFNN 1 GRNN X 3 Ffififi 22 %]
EIEN AR E N HE R RP. 7R (MSE) L
KP4 X 1%2% (MAE ),

FIRE B0 R 0T L O 5 A0 D A IR 45 A 1 1)
WA RE R ® R, e MEBEET 1, iUl
AR (4[] U] 2R 6 S 06 Y S PR A 4B A A, A
PERERAFCY S A SCRUR 8 TREAREE, Frllis 8
=t (9) PR,

[N_zf(x,- W )Zy,}

2 N N 2 (9)
{NZfz(xi){Zf(xi)} }x Ny —(Zyij }
Aofts NSRBI

2

() iz o 245 e S50 114 285

YIJ51R 25 (ovse ) A2 TINS5 SR MH 5 LR SLPR1E 2
ZHF 7 TR, — AR R B i T3 s 2= AR
WG . BT R WA A B R A ) AR R FE K
N o BN, U B T fof A e 4 D) 246 A5 AR BB A T i
PRI L PMESA TS, WA m R, A
A (10) Fim,

D)=y
OMSE =t (10)
N

FILAXFIRIE (omar ) F A B REA BT = AR 1Y
Yo xR IEARA LT MBS, AR EREUE, BT
K H A R ERIER I (E . B RE L Al 22 9 28 T 45 L 1Y
R 1 SEBR AR B0 BT A AR ok At (11)
NS

PUTACAESA

OMAE —"’T (11)

4 TN RN

W1 440 21250 S BRECYE 43 A A HG HE 52 R
BPNN. RBFNN., GRNN g mzgd, U411
FLBIBENL 2> 2NN 25 . ICEEAS T SR )5 43 I 2
MEAE A A 2] BPNN, RBFNN, GRNN X 3 Ffifi
25 I 2% v D T R IR B ) o o o B B, ad i K
(9) — (11) 4330%F 3 ML MEITE 3 AN TPF bR
e, DI g X 2 BENE S LR LR EN LR,
DB 3 D EMARErE, WKl 5—7
%2,

T 5—7 F1e 2 A1, 3 b 28 0 4% ) A AR
Y B ) 5 S ST PR A A AR R R, A RS
AR ZS o Hod RBFNN it 48 9 25 i I (i e 422 30T B 5K
5, HK BPNN #IZ R4 . GRNN 25 W £ 1) i
A 25 R4 Ko 72 R® J5 1, RBFNN 4ift 28 o) 4% 4 1
(o] ) B 2 UL S 5 S B (E A9 R BE B 0, Tk #
0.999 93 ; BPNN #i M-SR 22, 4 0.999 26;
GRNN #4600 B fe 22, LA 10 B 4%
FMUERG, A 0.996 15, 7 MSE Ml MAE J5ifi, i
2 M 4 RBFNN AY MSE {5 fll MAE {8 & /)N, 7 5]k
] 0.009 63 i1 0.062 86; LM% BPNN i MSE
{H A MAE {52k, 43 51534 #] 0.103 63 F1 0.224 53;
f 22 M 4% GRNN [ MSE {H il MAE {H8 K, 451
9 0.633 59 F1 0.555 65,

A AN, HFE 2 AT %, BPNN. RBFNN 1 GRNN
S I O 1 2y 5 R B il 1 B 9% N =3 57 Ny I £ 3
M5, RBENN fiff % , BPNN Bk Z , GRNN
BRI o BRI, 3 g W 4% 138 47 I 8] #5
LG T



7 GRNN At 2 [0 2% 00 25 R AF 5 52 46 S B (i O X L
Fig.7 Comparison between prediction results of GRNN

neural network and experimental actual values

- 180 - fu % TR 2023 4£ 8 H
45
R*=0.99926 MSE{E40.133 63 MAEfH #0.224 53 e HAE
40 ' T — Bl
35 U ) . ’
30 I
< ! ,
= 25
=
® 20 I
15 ]
10 \ ﬁ
5 #
] t H
Il
0 50 100 150 200 250 300
TREA R
K15 BPNN #1286 £ 151 I 45 SR A 5 5256 S BRAE X L
Fig.5 Comparison between prediction results of BPNN
neural network and experimental actual values
45
R?=0.99993 MSEfE #40.0096319 MAE/E 40.062 858 - HAE
40 1 @ ) 4 —e— ﬂi?‘)]ﬂﬁ
30 § r
=
:E 25 I
= .
% 20 . T * b
15 r
4 ¥ ®
} o @
10
5 L l
° P p
1 | L L
0 50 100 150 200 250 300
TR AR
Kl 6 RBFNN 1 28 [6 26 50 5 SR 15 52 46 S e (B 0 L
Fig.6 Comparison between prediction results of RBFNN
neural network and experimental actual values
45
R=0.99615 MSEfE40.633 59 MAEfE #0.555 65 -]
4
40 ) 1 ) p —o— FRIME
+
35 ¢
' f
30
<
= 25
: |
20
LS
is H
4 54‘ b
10
J ]
Jliiils ) alllied
= 1 2 | l | :
0 50 100 150 200 250 300
TR AR



a4k IS

WAESC, e N TR R AE AR 3 v 30 2 80T PRl M RE DA (9 1 11 - 181 -

&2 3MMENKEITMIRAERISITH B
Tab.2 Evaluation criteria and running time of three
neural networks

iz " , S
HI5E &R 1R . iz AT st [A] /.
% FERE WhiRE - B T E] /s
BPNN 0.999 26 0.103 63 0.224 53 50.324 48
RBFNN  0.999 93 0.009 63 0.062 86 49.929 93
GRNN 0.996 15 0.633 59 0.555 65 52.631 91
AT, EAREBERRSEEMET, 3/

N T 2 T 246 5% ¥4 e (TR %) P TR s ) T 0 2 g
AR TS, isfT R, SEBRR AR 2 .
H 22 M 4% RBFNN Fe A28, R4 7 A e 3
PiT BPNN B2 2% Fl GRNN HZ5 /2% . PR Al LU
75t i 22 M 4% RBFNN il FAS R & R RIS 5054
TV LR TR A PRI M RE A TEAR

5 fLiLegitt

Xt F Mg RBENN, FIHZE ARG E for
A2 F BN spread, TR EB|IRA AT REUIE R
TR LA . L, R H & R e ik ik — 2 % RBFNN
Ptk EECPERE AL . TN RS A . IR2E TN

Random-Walk JE 215 2 LR A 22 — | 5 —
AR BEAILIR , B —25 Ak %) I B B T — 25 IR
&, ] IAR PRt #8 2 Fe A8 {H . Random-Walk J 32 v FH
Al AR R B S A AN AR T PR R X
A4 SRy A 32 % RBENN #4744k o

SRR E RBFNN W5 BEILA AR [R], o H AP B
2UCHLITI IR, HAL AL,

1) XESE er. mn, df FIEAZ, FEIIA B
BN K100 2K p Ry 0.5 FRm Y R s WIE N 1.
REVUE E M 13107 DL B A FRR ¢ 9 0.000 01,

2) MRTIECE K PIER R 1,

3) A RO, D)IBEDLEL w, FERIAZS (12) B Hbs
Witk JEmat (13) 43 spreadl, Xifte F—484

, u (12)

U =—=
n
2
Z”i
i=1

Kb w AR RENLE u Z— ;5 u KA Rl
BLEL

s, =s+pxu’

Krf: s =L p LK,

4) Il %k RBF 4% Mg A SIS0 4 1, - H3 24
AR, WRRZE/NT E, W7 iR 22 R (E
¢4 E, spreadl WK{H %A spread; WHRIZREKTEHTE,
Mk Sm 1, R, SEEm 1,

5) WIFNLEE 3, kst

6) M k=NHF, kFFE 1, MWL 3 ITLG
4 S5 = N

7) MEBULT e, W HRE s,

WK 8 fngk 2 A, ZadbEbliE b, e
M2 RBFNN #IibERefibife 7, Heh R #2HAT
0.004%, MSE {H. MAE {& fliz 1565 5 F T
60.02% . 34.20%F1 5.29%. X & i Tl b X A F Ak
fbfa, T3 T @Rt spread 8, I H UK A
U ) 7 AT AR, e T R IRCE,

Ju =y, uy,,u,),0<u <1

(13)

» R>=0.9967 MSE(# 470.003 846 8 MAE{H40.041361 e HSH
40 . ? . . ? T —o— T E
5L 1 : I ] AR F ]
? \
30 i, |[F | B % |
o 14 . \ ﬂ
ﬁ ettt L oH gl .ﬂI w |

ARG AT [E]/h
8 B

‘.H H 1 | | 14 N T :
IR . (ithiR
ISWEM i mﬁ ] ﬁi\ i Wﬁ IV Wﬂ# ‘ ﬂ& I \T
1(5) TJ[‘VJ% J ..l .|.V ll \‘ I 4 l‘l* | U&» |‘ 1 ’lk ‘HJ ! ;3‘ ‘ wl " ‘ IT
i LA T U T A AL L)

TR A

K18 Random-Walk-RBFNN #2529 £ Pl 45 5 5 52 46 5 b (8 1 X LE
Fig.8 Comparison between prediction results of Random-Walk-RBFNN
neural network and experimental actual values

% 3 RBFNN #1 Random-Walk-RBFNN 934/ ¥R #E B 1547 B i8]
Tab.3 Evaluation criteria and running time of RBFNN and Random-Walk-RBFNN

EEES HIRE AR ¥Rz PSR R BT [/

RBFNN(A) 0.999 93 0.009 63 0.062 86 49.929 93

Random-Walk-RBFNN(B) 0.999 97 0.003 85 0.041 36 47.288 67
@xloo% 0.00% 60.02% 34.20% 5.29%




- 182 - f1 %% T 72

2023 4 8 H

6 Z5iE

FJ% 7 BPNN, RBENN Hl GRNN % 3 Ft A T #
ZE 4%, XA LRI 19 CR U TR) 2R AT T 30, DAY
A LR TR BE o FH Aol 22 IR0 265 0000 F) 4 5L s 1) 5 52 96
X TR R E 2B (R, ¥R 2% (MSE ),
SRR (MAE) X 3 DMEHFRAEE 2 J1%F 3
Fhdii 28 I 2 () MEREIEAT T 0 AT o S 29 31 3 i 2
2R (TN AR AR FRAR s RBENN 41 28 W) 4% 1) 5 0 (i
5 e, oA E REGE = T GRNN Fl BPNN
PR, Y07 iR 22 T4 ) iR 225 Il T GRNN
F1 BPNN M4, 3 DPEMFEHR45 70 0.999 93,
0.009 63 F10.062 86, iH] RBFNN fi £ % 45 X A []
FER R SEAME T W 5 PR IR AR 09 PR R M BB ITAL f
oo fJaik—2 R HEALE 2L Random-Walk X}
Hitfride, HALMLE RP4EFFT 0.004%, MSE fH .
MAE {H AL 178 [H 4350 TR T 60.02% . 34.20%F1
5.29%.

S 23k

(1] SKERHEZ. LM IR B8 0] 4 00 G ML B0 R JFC A A B 3 1

fiff o iy N (3] B 5 R BE Lk, 2020, 46(21):
310-316.
ZHANG Qing-xia. Antimicrobial Mechanism and Ap-
plication of Plant Preservatives in Fresh Wet Noodles
Preservation[J]. Food and Fermentation Industries,
2020, 46(21): 310-316.

[2] VLigAK, WE9E, TIREK. BT R R I AN R

MERF SN A5 TR, 2021, 42(7):
168-174.
JIANG Hai-lin, ZENG Tai-ying, DING Yi-qiu. Selection
and Analysis of Phase Change Material for Incubator
Based on Cold Chain Logistics Conditions[J]. Packag-
ing Engineering, 2021, 42(7): 168-174.

3] ikFIfh, ATassm, KAE, 5. BRI SR
T ORIGATEEIE T[] L TR, 2020, 41(5): 97-102.
ZHANG Li-wei, FU Zhi-qiang, ZHANG Lei, et al. Wall
Thickness of Incubator at Ambient Temperature and
Material Thermal Conductivity[J]. Packaging Engineer-
ing, 2020, 41(5): 97-102.

[4] &Ik, BT BP MWLM A A" TR BEYIIR T

KRB AT []. PR HIAR, 2020, 39(11): 69-72.
PAN Zhu. Forecast and Analysis of Cold Chain Logis-
tics Demand of Agricultural Products in Hainan Prov-
ince Based on BP Neural Network[J]. Logistics Tech-
nology, 2020, 39(11): 69-72.

[5] 2=, Tl FET RBF M4 MK S 55 Y07
AR BT[], PR IS XK, 2020, 41(6):
100-109.

[10]

[11]

[12]

[13]

[14]

LI Min-jie, WANG Jian. Prediction of Demand for
cold-Chain Logistics of Aquatic Products Based on Rbf
Neural Network[J]. Chinese Journal of Agricultural Re-
sources and Regional Planning, 2020, 41(6): 100-109.
WEs, (AR, F, 5. 35T AHPSO-SVM MI4K™
i v BE ) U R A A U IR [D). AU TR, 2018,
39(5): 71-76.

YANG Wei, OU Ya-nan, YUE Ting, et al. Quality and
Safety Early Warning Model of Agricultural Products
Cold Chain Logistics Based on AHPSO-SVM[J]. Pack-
aging Engineering, 2018, 39(5): 71-76.

CHEN Ying, WU Qiu-ming, SHAO Li-jin. Urban
Cold-Chain Logistics Demand Predicting Model Based on
Improved Neural Network Model[J]. International Journal
of Metrology and Quality Engineering, 2020, 11: 5.
ZHENG Liu. Research on the Performance Evaluation
Method for Cold Chain Logistics of Agriculture Prod-
ucts Based on BP Neural Network Mode[J]. The Open
Cybernetics & Systemics Journal, 2015, 9(1): 2168-2172.
VR, B N ML HOR R K S ).
HL AT & 5510, 2009, 22(10): 59-61.

TANG Su-li, LUO Yu-feng. Development and Applica-
tion of Artificial Neural Network Technology[J]. Computer
Development & Applications, 2009, 22(10): 59-61.

LIU X, WEI F, ZHANG G. Uncertainty Optimization
Design of Airfoil Based on Adaptive Point Adding
Strategy[J]. Aerospace Science and Technology, 2022,
130: 107875

LI H, SHI N. Application of Genetic Optimization Al-
gorithm in Financial Portfolio Problem Neurosci[J].
Computational Intelligence, 2022: 5246309.

RAUF H T, SHOAIB U, LALI M |, et al. Particle Swarm
Optimization with Probability Sequence for Global Opti-
mization[J]. IEEE Access, 2020, 99: 110535-110549.

JIAO Shan-shan, PAN Zhi-song, CHEN Yu-tian, et al.
Cloud Annealing: A Novel Simulated Annealing Algo-
rithm Based on Cloud Model[J]. IEICE Transactions on
Information and Systems, 2020, 103(1): 85-92.

HAO J, YANG X, WANG C, et al. An Improved NSGA-II
Algorithm Based on Adaptive Weighting and Searching
Strategy[J]. Applied Sciences, 2022, 12(22): 11573.
ZHANG Y G, TANG J, LIAO R P. et al. Application of
an Enhanced BP Neural Network Model with Water
Cycle Algorithm on Landslide Prediction[J]. Stoch En-
viron Res Risk Assess, 2021, 35: 1273-1291.

FIZE, &%, 'IFHAR. BCC-BP 5 ¥:7E RGB &
F LAB{H (R 25 [ e e b 0 B (], L% AR, 2021,
42(15): 269-274.

WANG Hai-jun, JIN Tao, MEN K. Application of
BCC-BP Algorithm in Color Space Conversion from
RGB Value to LAB Value[J]. Packaging Engineering,
2021, 42(15): 269-274.



a4k IS

WESC, & AT MR AEA R & e A 2 80T PR RE

VA 9 15 S 183 -

[1

[18]

[19]

(21]

[22]

7] HKIH,

WO VEJRE. T BP MM K S - TR
PRI SE[T]. RBHE TR, 2009, 27(6): 61-64.
HUANG Yong-heng, CAO Ping, WANG Yi-xian. A
Model for Geotechnical Engineering Monitoring Based
on BP Neural Networks[J]. Science & Technology Re-
view, 2009, 27(6): 61-64.

BRI, sKliE. BT BP M M4 SCARA HLEF AL
B2 WT[T]. MR 5UE, 2022, 50(14): 166-170.

SHAO Jian-hao, ZHANG Ting. Fault Diagnosis of SC
ARA Robot Based on BP Neural Network[J]. Machine
Tool & Hydraulics, 2022, 50(14): 166-170.

gRAE. 2 1 288 B A R BGE T R R T [D]. P
FHA, 2021(1): 60-63.

ZHANG Ting. Application of Neural Network Algo-
rithm in Function Approximation[J]. Shanxi Electronic
Technology, 2021(1): 60-63.

ZHAO Y, HUANG Z, XIN F, et al. Kick Prediction
Method Based on Artificial Neural Network Model[J].
Energies. 2022, 15(16): 5912.

YANG Y, WANG P, GAO X. A Novel Radial Basis Func-
tion Neural Network with High Generalization Perfor-
mance for Nonlinear Process Modelling[J].
2022, 10(1): 140.

EONTE. JEF RBF M2 45 ek Bl & 07 i 1 1 31
WEFELI]. LA HL, 2016(11): 61.

WANG Li-li.
ting Method Based on RBF Neural Network[J]. Hebei
Agricultural Machinery, 2016(11): 61.

T, RTT, M. ST LDA I RBF #1455 2 (1) IF
SR SRy AR Sy AT D). I AR,
2021, 44(14): 148-152.

WANG Zhuo, ZHU Ning-ning, ZHENG Xiang. Re-
search on Partial Discharge Pattern Recognition Method
of Switchgear Based on LDA and RBF Neural Net-
work[J]. Electronic Measurement Technology, 2021,
44(14): 148-152.

AP, EEERF, T E . MI-PSO-RBF FLETERA
A7 fifh ity 5T TS0 A 07 OF 5 [J/OL. o R il 27 4 -
1-8[2023-07-12]. https://doi.org/10.20048/j.cnki. issn.1003-
0174.000083.

GUO Li-jin, HUI Pei-qi, XU Rui-wei. Application of
MI-PSO-RBF Algorithm in Rice Storage Quality Predic-
tion[J/OL]. Chinese Journal of Grain and Oil: 1-8
[2023-07-12]. https://doi.org/10.20048/j.cnki.issn.1003- 0174.
000083.

MA H, LIANG S, Development of the GLASS 250-m
Leaf Area Index Product (Version 6) from MODIS Data
Using the Bidirectional LSTM Deep Learning Model[J].
Remote Sensing of Environment, 2022, 273: 112985.

Processes,

Simulation and Research of Function Fit-

[26

[27]

[29]

[30]

[31]

[32]

[33]

B, XD BE T i 42 I 45 5 5 B 30 5% 4 A
TRIAFSR[T]. WEBH A% Be 4k, 2021, 30(1): 33-39.
DUAN Meng-nan, LIU Ze-gong. Research of Prediction
of Coal and Gas Outburst Scale Based on Neural Net-
works[J]. Journal of Huaiyin Institute of Technology,
2021, 30(1): 33-39.

SRS, KAk, BV FET AR THZRMEE CNG &
SHLAR IR B EIBEFE[)]. PRAAL, 2020(2): 19-24.
ZHANG Peng, ZHANG Cheng, MAO Gong-ping. Re-
search on Prediction Model of Exhaust Temperature of
CNG Engine Based on Different Artificial Neural Net-
works[J]. Internal Combustion Engines, 2020(2): 19-24.

TR, EEfE, AR POME. GRNN 5 BPNN (1Y pREGE i1 g
XFECIFSE D). BUACHL TR, 2014, 37(7): 114-117.

DING Shuo, CHANG Xiao-heng, WU Qing-hui. Com-
parative Study on Function Approximation Perfor-
mances of GRNN and BPNN[J]. Modern Electronics
Technique, 2014, 37(7): 114-117.

FRNE, R, XN, SF ET E R e
JSCIRL A 28 0 2 F) 3 SR RR R TN (7). BR2E R 5 T
T2, 2022, 22(29): 12733-12738.

WANG Chen-hui, YUAN Ying, LIU Li-shen, et al.
Earthquake Magnitude Prediction Based on Generalized
Regression Neural Network Optimized by Principal
Component Analysis[J]. Science Technology and Engi-
neering, 2022, 22(29): 12733-12738.

B RPH, fi<F £ JEF PSO-GRNN H ki #)ifiic
W T [1]. PR, 2023, 42(2): 49-53.
ZHAO Chen-yang, HE Shou-hui. Prediction of Logistics
Transportation Risk Based on PSO-GRNNJJ]. Logistics
Technology, 2019, 42(2): 49-53.

ETNE, BRmEE, KT, %, JET DNN BAEHLHIK
T Ly i ALK 2l I ToU A Y [, A AL 4 o
F, 2021, 48(9): 72-80.

WANG Zi-xuan, LI Xiang-feng, ZHANG Yu-xiang, et
al. Prediction Model of Permanent Magnet Linear Force

Z i K

Motor Driving Force Used by Actuator Based on Deep
Neural Network[J]. Electric Machines & Control Ap-
plication, 2021, 48(9): 72-80.

Kk, S, AT BP ALK
] HREHEAR SRR, 2021, 31(10): 146-153.
ZHANG Jie, HAO Qian-nan. Forecast of Photovoltaic
Power Generation Based on Firework Algorithm Opti-
mized BP Neural Network[J]. Computer Technology and
Development, 2021, 31(10): 146-153.

CHEN Tian-yao, CHENG Xue, YANG Jing-ping. De-
composing Correlated Random Walks on Common and
Counter Movements[J]. Statistics & Probability Letters,
2019, 158(3): 108616.

ST 1 ERLR



