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Abstract

Warehousing is a critical component of modern logistics, playing a key role in reducing supply
chain costs. To address the limitations of traditional methods in effectively evaluating warehouse
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operation efficiency, an optimization approach based on simulation technology is proposed. This
approach involves constructing a warehouse simulation model to simulate the effects of different
job strategies and focuses on optimizing model parameter settings. Historical data is used to extract
key operational efficiency metrics, combined with regression methods to predict processing times
for specific processes, providing accurate parameter inputs and enhancing the model’s alignment
with actual warehouse environments. Experimental validation demonstrates that the parameter
generation method based on regression analysis is highly reliable and practical. The simulation re-
sults align closely with real-world scenarios, confirming the model’s effectiveness in optimizing
warehouse performance.
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CHEZEEMBERE. 6. B TaMZMmEns), XERFER R T aEEMN TAeD0, 2
DRI I BB B o, TS (DR AR 20% %8 25% [1] [2]. A A EITHRIN A FEREAT Ty
o NPEH BB R, IS RmAE REN SR EEARSE, AT IR R A EA
Mo i EARN— R R H LA TR, ST R AGNA R E L EERRE. REIFEM
THRAT A, T2 7 AR A Rl A R 1 T3] My M EZE MM TR, (7HAEH B
SRR ARG AR E TRz E R 5. W HERR, RESAESEPR RGUR A2 AT, TN LR
JRUE R ZR I BEAT AR S R AL T 4

Burinskiene [3]JF % 1 — MR, M THI A EAECENTRMEE, JHEHEE: ST
B URE BE 6 S 2 R AT BB RS o AR R 1 A HERR PR A T 201X — BT . Burinskiene 58 A [4]32 H
T EER, FI TR TG N A AT BER AR REM . Yafei 55 A[5]3E T FlexSim #2117 —F @ =
Yy i SRR T, T B IR A S S B, IRARTT TR ER A, JFHE TR
ML T 5. Jiao 55 A [6]8 FH 2 MR & SE R ok 7 HENL @ PR 2 B A AL E 7 Bl in) &, SRt
SEBREEEIAIE 1 AR R Muller 858 A [7]58 1 7 373 T804 SR 0 H S i e R G LRI 5 ALY,
JEos 1 U B R A RS RE P S . Pan S8 N [STRI AT B AR SE AN BRI T & AT R, $EH
TR BT %, NI T AR G R G R AT NN T AR, SEAEE TR, BT SC
IR T 1 AR S 2 B 5 6 07 A TR S0 U 30 S s ) A SR 9

BAEA ST HAROT R SR P SR D IR, RE W25 SR R Y K TSR AN 52 9] [10]. 36
R H A2 R A R I IR B ST, T A PP AR R RS T RS R e, JRRE R SIS
BN SR ZXPIARERRXTT 0RO FORE R S LS5 RN AT SEVE MR (E 4 S OC 2L, T AEE AT ok
SRR ] LA R (9 1 TR,

#4n, Balci A1 Sargent %535 [11] [12]42 # THEZLIFIHE 1 5 T 70 M A SE AR IR AR oK« BTG
RS AR U DY PG B D Re ke ) AR A R SR 4 7 BORSCFF . Oberkampf A1 Barone [13]4£1 1K 115
SR 5 SR AT E R U BB, IR TIRIETE bR . W LRI IESR AR SR T R S S
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U Z R ZE 5, AR IR ZE R R AR . IR 2 AL 538 BT e i 1[14] [15], Soih A e (an i isefer 46 A
15 DX [A)) P FH TSR AE A A TR S AR TR R SOR I8 3 G A6 5 V2R B0 4 LA

A FAEAS THA SRR I 8, WA BRI RZE BRI T — R i B 7, A B
TR PR B I RCR A RIE T . AEASRIMB T, AT E— AR R T A A S AN S I i
CAHE S P /5 38 1) B 0 88 e A FIORS HEAL IR 7 1) R
2. hEEREMSZ

N7 U R ARG PERAE, A EA AnyLogic R T — M B, BG4 B (Discrete Event
Simulation) & —Fl F TSR SCRE RGBT, T2 N TR RS RS54 H1[16]. T HAE
TR 2 G0 45 20 B 35 7 T 1) R 1, B U A 0 B T VA AE 2 A U R 2 B A5 21 T T2 B
TEARRFFL, ALK TIX—J%. Btk B EL B R 3 02 75 2 I i a2 DL AT 55 AT 1 3)
AR, DOSRHUE BRI . X ALE I bR R S R R SRR, ME T AT
AT A0 SO P B A (45 T 2 [17]
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Figure 1. Warehouse operation process
1. BEeTEREE

PIF M Hb AR Y R G R B, HT BT . XERS, GiRE. nEa
A, BT FRIRR AL RE, T RBL 7 B R A AESEERR I, RG22 B AW
SEPERZR IS, I T R Y EAEATRN  DARA OR L AT SEMERT — B (18] ASHT 7T B Se PN T 2L AR Xt
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Ha ol i B IRV E R BARAE NI A S BN B, XTI B R R E 2R EE . XS
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ARSI QT ARAE TR I S 3a 8 Ba d 248 R R AR I 8 . AR Ja, iR fh el & ApLas =2 >
SE R AR 77 9%, AR AR TR A ) PN FEARE R TN AR BR[O VESR A T — A B S AR I ] 4t

DOI: 10.12677/csa.2025.152046 192 THEAURF 5 R


https://doi.org/10.12677/csa.2025.152046

WA, B

TR, AR REGS S AT Mt R SUSEBRBE b (0SB 58 S A AT A9 BT [19]
3. MEfAEXLE

Pise—Fh R A H T A R SRSCR T, BN TR AL RGERIE IR KA
I T 2, B BERGN BT DL X SR AR AR A I T AE A RS rh B oK. N T HRTH A ARG e
OREEE R, HEHAT T H BRI, W TR . XS R T 2, B A AF
GREMA R TARS 2 HE . R EgIE B TRE R NS DL R R B O . xS
T AR RO RS T EE S, A T IR UEB R R I T 7 B OGS R S, A
I 18] A1 OGS SUAAR B (KPIs) »

FEMIER B, BATAM AnyLogic TF& T A Ar] G B 2L S T EEFEE SR
PERIPIRN T V5. BE R I B A RSB, TR AR AU EON A B Rk A
FITAE AR, IdRte . XAERAE ARG IF R 5. 2R, O EE AN RIS HOE T HEME. il
L M HAE ROF S IHE R AT B, RIS S @ MBS A0 B, TN B 1R AEPP A4 7%
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Figure 2. Steps of model establishment and verification
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YaktJa B TAE AnyLogic FAga (i AR, (AL, O BB i FH O BUEDRIR T 2 MR AN S G R 2

Table 1. Description of Lines data in the order
% 1. iTH - Lines #3E1%AH

Lines Description
count 34,026
mean 2.79

std 6.53
min 1
25% 1
50% 1
75% 1

max 179

ML A AR EEGERA H BT AR, AT DUREIT S AL AT BT A (Lines) 2 R BOR, B
NN AT, BRKATIE 179 4T 1T SR (KA n] AR X AU & R A A R M L o 2L, U
FEEAEERANFR R T B o TR RS T AT B e A LR 1.

32. RGEBESSHINE

He e AnyLogic 1905 FF &, R BEHCE AR AR T AR 07 17 1% o X BT A4 A A 7 s 445
RGNS, P oRIERGRIRBE R, BRAEAN ARSI U E 9T LR 2R [20]. BFERGHE
TN X Bl A P dh FEAf A E DU T IS b I SRR SRR 7). ISR &
PR, RSB — AR IR DT SOREN AL S R e R AL fh VRS AG - R, RO OUR T i iliE 2 P
IO E, ERIERATE S . SR T MR BOT R, TR N2 MES IR, ME
FHNRREE B AT RS A, R B RIS RIS IR Pl . BARSERE, MRS
B PRI A

N T HE AnyLogic FRBHIIX — IR, FAVBEM 75 MERERAE G, Wi, T ssds. aIFga
JCER, JENE R AN T RS B8 SOB AR IRAR . P B FRATT AR T A0 HL v RO A 8 7
W R B RS -

3.3. BREEEE

AR A SZ B R AR BE A R AN 25 RO, JCHGR PR SR A, X Rl W i N T 5ek[21]. (A
Ut ARSCE BB TR G B AT 1%, SR R DAY R N B AR B B AL .

LIRS B H ARG BARCR . e figkd A2 b, ST XA R 208
HE. PRIT O IECR M HEYE S HE ERG T AR B AR FEME R o R HEEE RE A R 2 W I 3R B Y
e AR BRG] e BRAh, XCARRRAE SIS DT D3 4E B 2R Bl A 7 i (o B v A e 1 M, 2R 00 ot 7 T ) AR 2K
R A JGETEEM .

AT TS M RACE, W ERES BFEEE NSHHE. KBTS HIIKHE
SRR HE R ME A LR . 2 2 ) T S R RCR I E AN S

A AT ESH, X BARRCR MR EE NS HCE ST CIIRE . R E kbl
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FERRCAR IR (G A R B BEAUSURRY], TR, 178 ATk BN H AR X 48 5%
SN N AR e B AB(HEE) . AR B RCHUM A it 8 [22] .

FEARICH, BATE AT LT IRETHII R AR . BATH B AR A R R R i E
5 AT LA R f) B AR RE AT A R

Table 2. Input parameters to the model

F 2 HEPMASY

parameters Description
number of forkliftt A fixed number
number of picker According to shifting table
walk speed 3.5mls
forklift speed 10 m/s
picking time The time required to pick up the specified goods
sort and merge time A fixed data for sort and merge according to history data

3.3.1. Time-Motion Study

Time-motion study & —F LRI AR, Z4 T Taylor FW. IR EIAF 7 T/ LA & Neuhauser DAl
Frank. Lillian Gilbreth FIBI{ERT ST [23] [24]. AERGEANJZH b, I A7 0 AD 2 V4L 5%
TN, BETIRRE 56 BARs 2 A 55 BT s (R I ] o

AN MR B ) R R AR I I — A e %, AT LR DA . XA 57 B R A
TRERAE IR AT, TS B BT RSP BRI A 8] o A DL ER A AT Sl i SR L B A IS SRR
AT o IXERA I TR AU, G OE N RPATRIENE, aEA i . SRS BB A
Yottt ik . EHEEEANHB, AT 1P R, JF B S E A Dy e 2 1 I TR i dfs
%3 R T SRR T S

Table 3. Time study on existing picking actions

%= 3. A Picking BIERTEIAFZR

Actions Timel Time2 Time3 Avg_Time
Deaccelerate and turn 8 10 9.5 9.2
Lifting one level 25 2 2.8 2.4
Picking one item 35 4 4 3.8
Placing 3 2.7 3.3 3
Turn and accelerate 8 10 9.5 9.2

MERI, FIRIBIARAEEA — N IERHE R I W), FoR R s R R R T 5 M IEF I ). XA R I

[ 45 R A 10 5 T X SR & T R4 I TG 8l . Wi 5 18 T e R IR R M 2 AN &R, WFEREE

A G EAR T AT L TR NP IR DR R . IR PR F PR T AR AR RO B R R

Wi o JEIE A IR SERE I R 3, RN T - SERF LR SR EARM A&, 5 T BUN SCEARLI [E 7
Rk TH A 2

Pick time _ forklift = base time +(qty —1) *5+ (level —1)*30 1)
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ARQ)H “ (qty —1) =5 7 FoR G 2 HRIL— A0 BT I AAM 8], (R 2 B — ANt i 4 n 5 A
I sAL . A« (level —1)+30 7 s M BE i ) SR ALl A7 it 1 B R 00 BT 75 (R BN TR), B B2 A BE e PO £67
BHRITHEEZ N, &g —EHm 30 7.

Fiehth, Xt ANTHLE, AXaF:

Pick time _ human = base time +(qty —1)*5+ higher _level x120 2

BT 1.7 KU RIREE, 08 0 75 S B 7 R0l et e, [RIE B W BT A 14 2 Ot 5 5 ] £
SOMAART /N, T ASEA S o BRI, W SR wG BB T AT IR DT, AT RE 3G 2 120 AP IR ASM H] o
HILAE AnyLogic HEIX AN AT, BATAT ATHSRREAS PR 5% 53 58 IR AR B 75 B I 1) SR, X B
WIRBRYEE T, ERAEHBAR TANZIEWZESE . T N —PhilF A 8 AR 0 FARR, K s
Bl A SAE SN I, G BT 5 RRIR LA S, M B2 e A2 20 ) S S A B 11

3.3.2. Curving Fitting
MNP DK S AR ZE S, T T AR B 07 HOTVERENS o0 IRIX — BRI 1Z 07k R VFR T K
B R TR A LN IR B AT 9 A B2 TR B8l EARBEFTH, AT TE I st B3R i 1 L
NAETRIE BRI TR, 52 il 24t & 77 2ok 8 A s M A X (2) 1 R HL, Wi SRSl s R Zn PR BRI 1)
N, BAE T SciPy T EAHHT #hZki &, SciPy /& —/Mak K H Python [, SCRREMERIRI. LTRdE
etk oA . MRORAE LS - 2105 5541 5% . e I I AT
Pick time _ forklift = gty * 7.045+ (level —5) * 26.931+ 200.22 (3)

Pick time _human = qty *8.416 + level * 28.87 + 52.375 4)
eI, ARE)E AR (@)% E 2| AnyLogic 1, H TR0 1AL B[R] .

3.3.3. Machine Learning

FENL AR 28000, FATTHTAE T R 5 it 2 30L& PR T ROt — 2. EAHT T, AT RGHRR
TEMHAESIHAR, GFREEREE. FEYLARAA AdaBoost, SKIEATHF AT . BEJ5, FRATEAT T R
K, IS T A SHIES

4. IHBENFS5R

FERL) T A AR RSB S S RGO R R, IR ORI Z AR — B BRI
PRI BT ANVE Al R 05 07 BB G S8R AR (KPS 2 ST B BAT &2 . i R 52 31X h
GutSERE, WYOMBRARMARER T RS ke, MAKISGHH ERZERZER, NIRRT

PR R IR G T RV SRR, SRR BLRUE T s i S B A 2 [ G LR
FeSto RAINER—MABEITB, TS890k B SRR f okt 4 Ao A 1k

4.1. Cycle Time &5

Cycle time (J& I [8]) 7= AT BB TA IS Z1 21T 2 4 5 BN 20 2 18] RO BRI (8] . e 4E 2 3R
RIS, R 1 s DR A AR R ISR RO R, DAL S A R AN R AR S S5 A I ]

AW TR I B =R AR IETHEL ) Cycle time B4 1 GeTHRFAE, 1E MBI FEE AR 32 4 JRoR T 5
HERE A ] =Rl AR E TSR Cycle time BEIGT o4 K. WGeit ol WL 1, s
e 1 3 ATEONII ST SR EERRYT, X A RPAEAR (L, ELBILAS 27 1 43 2 (¥ 4 B 5 1530 S b »
PR T AN LGS 27 21 7 i B T S AP LA 2R
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Table 4. Experimental results of three alternative methods
T4 ZHEBERGEIRER

i True data Time study Curve fitting Machine learning
Mean 804.8389754 361.72 368.15 542.6898
Standard Error 3.082820361 19 2.05 3.065651
Median 221 99 100 109
Mode 127 43 44 44
Standard Deviation 957.695896 591.77 636.42 952.3622
Sample Variance 917181.4293 350186 405030.6 906993.7
Kurtosis 627.1245813 8.14 12.67 5.563359
Skewness 9.312951029 2.68 3.16 2.427384
Range 81196 4371 5278 5554
Minimum 1 17 17 19
Maximum 81197 4388 5295 5573
Sum 77,672,595 34,908,819 35,529,286 52,373,368
Count 96,507 96,507 96,507 96,507
Cov 1.19 1.64 1.73 1.75

4.2. Pick RINLER

FEUEN T S SO A2 B MR 2 5, BEAT TS OBRAE, DL R AMUER AL, H I SehE
AR (SO R 1 07 FL R H A3 BRI . On-Time in Full (OTIF) A F 2 Al T 5 2 75 745 45 T2 A e et
PEM S BEVERRAE (AR IR . ZAE R IE T BN R, JF HAN BN BRI S a BB, 77 s Si i 4a %
FUIS BEREAERT SRE e B AAT,  E RO Tl SR BE B AR ST AR SR AR br . AEAWETT Y, AT 7 s
HARTHE T OTIF 2, JREX =B AR AT TSR G, FFETHS 17X =AE AUER OTIF .

Table 5. Shapiro test of three alternatives vs. true data
5. ZHERGESHEHERER Shapiro 18

Shapiro test Statistics p value
Formula vs history data 0.844 0.001

Curve vs history data 0.504 2.77e-8

ML vs history data 0.67 1.89%e—6

BEJG, AT =FBRTNETHEAS N OTIF 2.5 5L br¥dE H %21 OTIF ZFE4T5F L. Shapiro-
Wilk A5 56 2 5 F TS Gt A 38 b it —Fh oy ik, F T IREHE B e . 32 5 R 7 =M B AR R
R Shapiro-Wilk #6485 R . K4 R LY, HUEARFGIES . Bk, B Xmg s, ik
18 H Wilcoxon #75 kA 3a AT 1 — 2 73 #r .

BT PR 2 R ) 22 e AN AF G IR 70 A, FRATTSRA T Wilcoxon #5550 . 22 6 Bl T =P &40
PANEMERAE RIS 45 R . Wilcoxon FF5#R IR p EH/NT 0.05, RHLERAFGIMREN. XEWKE
PR RPN A A R E R . Y p KT 0.05 I, FRATHE32 FE, R I E0E S 2 1
EMGITEER.
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Table 6. Wilcoxon signed rank test of three alternatives vs. history data
F* 6. ZMEBERFESHEHIER Wilcoxon fFSF#EEL

Wilcoxon Signed Rank Test statistic p value
Formula vs history data 140.5 0.394
Curve vs history data 137 0.34
ML vs history data 146 0.468

N T PR R AL K Ge i AR e M, BATHEAT T Pearson AHC REUG L . % 7 I T =M B
J7 RN HE VB 1) Pearson AH ¢ R ARG IR 45 B . Pearson AH< 2841 p fE /N T 0.001, iER] T P4 2 1A]
ARG S 3 ARG o X —BRAMOIEAE SCHRE T DL 4518 57k A Fl B Z A2 21 22 R B — 3K
A, HARIAR TR

Table 7. Pearson correlation coefficient test of three alternatives vs. history data
F 7. ZHEBERGESHEHIERN Pearson X REEL

Wilcoxon Signed Rank Test statistic P value
Formula vs history data 0.865 1.21e-8
Curve vs history data 0.736 1.79e-5
ML vs history data 0.805 7.22e—7

Zeid BiRARR e, BATHTAEHIN, =MBCE R A S BB TTE R AR . Dy B2 IR A T
MITIEGIRL, ABKKIE A 1 8] - 3@ ST o AR Ta), 1 ELAS A 45 R 5 AL e 8] - iz skt
THEME . B i e ME R REE, POVEERIFRACR BRE MR BIREE 5. ik, X
M AEIR SN T AT AL, FTULR E RS ACE, JF OIS E PR s e T 3

5. FiLSARFKMR

Time-motion study. Curve fitting 1 Machine learning 5 3% X 52 $1 | H I < B S350 F8 b (KP1s)AH LL,
B E AT A P EEE IR AR . X — G RN T SR O AR A R A G A
HMIRTEENE, RUTEATRE O M Sk G PRI I SERR B O, TR A EER AR SR A 0 S HF .

BRI, AR SR BT AT L & LR J LA 7 1) -

Q) KAZ AT T HARERAER By, Wil m K.

b) TRZEIGHRN B2 T 7%, LU S8 1 J St

) MM E LA G A RBT, JREM R B HEh S SH.

d) ¥5 a). b). c)sMBT ALY R B0 P A L EE AR AL AT

=
X B AR BB H (72071139); VU114 BHE T (S01)- = AU & 1R H (2022 Y FWZ0007)
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