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Abstract

To optimize the prediction method of charging demand for electric logistics vehicles, this paper
combines particle swarm optimization algorithm (PSO) and BP neural network technology to
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conduct a systematic quantitative study on the charging demand of electric logistics vehicles. Firstly,
through multiple regression analysis and principal component analysis, key variables such as vehi-
cle operating path, battery capacity, driving distance, and charging time distribution are extracted
from complex and variable influencing factors. Then, based on the extracted main influencing fac-
tors, a PSO-BP neural network prediction model was constructed. Based on the main considerations
of prediction, a PSO-BP neural network prediction mode was established. Particle swarm optimiza-
tion theory is mainly used to optimize the initial weights and thresholds of BP neural networks,
thereby improving the prediction accuracy of the model and reducing local optimal prediction
problems. Through experimental verification, this research model demonstrates significant accu-
racy and reliability in predicting the charging demand of electric logistics vehicles.
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Figure 1. Train of thought for predicting the demand for electric
logistics vehicle charging
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Table 1. The number of electric logistics vehicles and related influencing factors

#* 1 EYIREREGEREXFZBREER

FF5 A SR PR AP FF5 i EEE S
1 Jak NS TEAHR x1 FEENOTF)
2 SN W ON B x2 =Y OEIE W ONGW)
3 AL IX A2 = S IERHR x3 N3 X A = S E (OT)
4 NS i 1EMHR x4 W TE A (2 B)
5 NSLSERN 2N TEMI X5 LSy ON
6 SEIh B A% (OT) Uili:PS X6 VIR ks (OT)
7 Wi ML 5373 T8 (OT) IEAHR X7 HRTAF3 T8 (OT)

BAERIE T Hr 7 2011~2023 I HEBMIR AR B ARG AR . OB afFm AL A
XA EME . AR TSRS, SRR B R B 0k 2 PR

Table 2. System resulting data of standard experiment

=2 ERE ARG SRR

ERG e FIGEHRFHIEAR 7 22 F1 53 L J7 ZE TR o35y
1 5.681 81.16 81.16% 0.399
2 0.911 13.015 94.18% 0.407
3 0.372 5.314 99.49% 0.402
4 0.029 0.41 99.90% 0.394
5 0.006 0.082 99.98% 0.42
6 0.001 0.012 99.99% -0.17
7 0 0.006 100% 0.412

PRUEALSE SR — F2 R FRIE N (6):
Y =0.399x, +0.407x, +0.402x, + 0.394x, +0.420%; —0.170x; +0.412x, (6)

X TR ER AR E B S5 B 2RISR AT Z e A0 Hr. BUHREBERWIE 2 s, 8958
IEEBRERA RS — B Z IR R NLMER R

1 3 Jy SPSS MM R MR, HAE 3 A AR REAR T RASRIGRERARES S X
J%73 2 18] 5% B B R TT R IA(T) s, 46 4 0 2024 48 35 a7 ol B -
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Figure 2. Relationship between the first principal component and the
number of civilian cargo vehicles in Jinan City

2. B—EMH EFEHTRABSEREEXRE

Table 3. SPSS model regression coefficient table
7= 3. SPSS #REIE|)IFR KK

ARARHELL R EL PRAEL R EL t et giit
A B PRUERR R T B
1 (W) 156.040 2.236 69.780 0.000
Y 29.866 1.209 0.994 24.713 1.000 1.000
Z =29.866Y +156.040 (7

Table 4. Predicted values of principal component data for Jinan City in 2024

= 4. K™ 2024 F£E RS BURETUIE

A X1 X2 X3 X4 X5 X6
2024 881.6 58283 137496 9547 18653 8.15

4. MRIEENBINRERB TR ETN
4.1, RIFBREICETERR
YR FRERIE T S TR 5 Bk, nlbhE e it 45 8. Hd C1. C2 g
K1, time JIEARIKEL, size NFHEERI.
Table 5. PSO calculation parameter settings
2 5. PSO ItES#HIRE
Pl YIUh ® c1l C2 time size
8 0.9 2 2 50 100

W
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Figure 3. PSO algorithm model convergence process diagram

3. PSO BIAR A ST 12 E

KL REEARBOS B 20 RINE T I AR, SOAS R i AR BT & Fr ke

BORAE W s 3 3.45594e—11 I FAFRL TR Bd NAH, A RRME. NTTIE R 2R 5, 045 2L
HIGHOIEAT IH AL B, A AT AU AR5 q WOTHERSE R, 113k 6 o R THEAS BIEHFEIRE
A EWNE, ¥HH5ESEX L, 15 5~10 fion. BR T 2016 45 2017 4FLAAL, AR &4 4 Tl o5
SRR ZE IE BV LAY, WORE 7~ FE 502 FH B3 B R 25 R AT 8 1) Tl b 2 A 250 LA & 5B
Table 6. Calculation results of weight index q
F+ 6. WERH q HELER

N EFREL gl q2 g3 g4 a5 06 q7
wE 0.1971 0.2059 0.1876 0.1374 0.1764 -0.142 0.2376

Table 7. Comparison of particle swarm optimization prediction results
7. NTFEREEATUNSERITEE

A EBITY HIME T {EL FXT R ZE A XHE
2013 —2.49 136,874 132,220 3.40%
2014 -2.1 134,929 131,421 2.60%
2015 -1.72 123,801 123,430 0.30%
2016 -0.79 134,741 123,153 8.60%
2017 ~0.45 151,141 142,677 5.60%
2018 -0.1 2023 162,120 2.50%
2019 0.53 2023 189,303 2.90%
2020 1.06 224,713 216,399 3.70%
2021 2.94 250,200 238,441 4.70%
2022 3.12 261,017 259,190 0.70%
2023 3.28 265,349 257,123 3.10%

DOI: 10.12677/aepe.2025.131002 15 ML) 5 REYR L R


https://doi.org/10.12677/aepe.2025.131002

TR, R

4.2. BP M T AR KRR

A5 K F Matlab R2023a H #1128 X 25 00 & T 54 (Neural Net Fitting) % 5 285 B0 VR R 0R A = Hd i3k
17 BP MM ZS T . BP 40 W 25 B AA/E AR B A J% I @ B B il & 68 0, (Bl FHOH RIS RRECN
o, WS BERNG,  EL I ZokG BE A LAY A2 ks P8 FO0IN 95 3K, DT I 5 X6 AH DGt N R 3R AT & BRI %
IR AT, AR T SRR ERA B S A = F R R IR R SR
Atz BTSN, X =ANFEER S 2 08 R AR A O RE s 1 A8 B — 3

AR L8 IR, ARSCAEH T 3 25 70% B AE R IIGRFEAS, FHIEELE Lk =NFE A 10
AR . I Matlab #4128 9 26 T ELAE I RE R R AR T BOE A B o IR0 AR b 5 AN RAS 2 Bl U ST 4y
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Figure 4. Neural network iteration process diagram
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Figure 5. BP neural network training state diagram
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B HTRY], BP M MR AE B BT DA R AN AT S AR AE, AT A AR R 2 AR 2 T
TRBE . 44 2013~2023 4F U AR SCHUE A7 N\ BP #4145 0 £ A5 ] 73 21 55 8 &8s xS EL .

Table 8. Comparison of BP neural network prediction results
7% 8. BP ML RXTEL

e20) HIAE T A FXS R 22 LA
2013 136,874 133,276 2.70%
2014 134,929 133,593 1.00%
2015 123,801 123,431 0.30%
2016 134,741 133,937 0.60%
2017 151,141 142,720 5.90%
2018 166,277 165,945 0.20%
2019 194,957 194,762 0.10%
2020 224,713 220,091 2.10%
2021 250,200 248,214 0.80%
2022 261,017 259,977 0.40%
2023 265,349 261,685 1.40%

4.3. HATMFETRI[ERTE

WRIEHEE AT, PRI AR B DA ST, Bl T Aot SR A R IR, Y
TORUETI S5 R A2 W, ASO PR 7270 0T 1B 0.4 A10.6. TS AN I 25 R BEAT ALk
B, 33 FHE TN B AR TR, ASCR AL S 45 R -5 L b (E 34T thae,  BERT BLE R Z80E
AR LR, H AT I I R 2 ) i 22 R AZ TS JE

MRYEZE 9 HILIR AT, G T AR Z I AT HIE 5% LN, JF HiRZRE P EESY, KR 2
BTE, XERY, SR-FNIHEME, HETmas REmEE, HRCR b EyFAE,

Table 9. Comparison table of results of three prediction methods
= 9. ZFhTM T AL R

F WL TR RER BP 22 4% 1 % HE R

time real Pre check Offset Pre check Offset Pre check Offset
2013 136874 132220 3.40% 133276 2.70% 132853 2.94%
2014 134929 131421 2.60% 133593 1.00% 132724 1.63%
2015 123801 123430 0.30% 123431 0.30% 123430 0.30%
2016 134741 123153 8.60% 133937 0.60% 129624 3.80%
2017 151141 142677 5.60% 142720 5.90% 142703 5.58%
2018 166277 162120 2.50% 165945 0.20% 164415 1.12%
2019 194957 189303 2.90% 194762 0.10% 192579 1.22%
2020 224713 216399 3.70% 220091 2.10% 218614 2.71%
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gk
2021 250,200 238,441 4.70% 248,214 0.80% 244305 2.36%
2022 261,017 259,190 0.70% 259,977 0.40% 259662 0.52%
2023 265,349 257,123 3.10% 261,685 1.40% 259861 2.07%

4.4. EaTh 24 h AT ERTUN

FH AT SCHT AT 19 2024 SE5F R TR IR 200 A ETME . 281,255 x 0.4 + 278,673 x 0.6 = 279,705
@), MR4E QUABTRETSEM AR I ESE 3 FHEREIRE) 2023 iR, EETHIIELR
IR AR RS BT, RO ET RISV A . BAYNR AR T . RERIASE,
Ho 7 Ee T el 30%~40% . B A AN A A BT A 8 BV ZE P 1 o BL 290 35%, 279,705*35% = 97,896 (4) -

T % DL SR 25 () FEI R U 2.6 T 4.5 KA 4 7 &N 49.64 KWh, SEf HLFE
N 255 kmo IUH 78 AR 290 90%, PRFEB(L /N R ) P = 49.64/1 x 0.9 = 55.16 kW, 12745 (6 /s
I 783H) P = 6 x 0.949.64 = 9.21 kW. R4 4> [E FLARSE T 00 % 7a v 2J A58, BUE i 4 H 3947 3 B AR
) 100,150 km; 1278 FIERFE (¥ EL i 5 R 70%~80%18 78, #5 M LMB A £, SR FE T DL 23
RIS, 78 AR N EE 2~3 KFEHL—I; 20%~30% PR 78 45 A LI ER e O 3, Fe iR s ey, )
RRFRAE —REEEZL.

AR FAR IR T EL RN 75%, RISHILLFA 25%, IX— B 5E BENS 0T H S LI 490 E S bris &
Hont 78 R R R R AT o B e R H R, A4 75%; PRt R RRE 1.5 K,
297 25%. KI)F N 2701.20 MW,

VE RN T 57 B IR TR 22 38 AT B W IR 457 6 A (18 A LIRS G (G TRIFCE8), Wifd T 5E
RIRBIBUB RN 2 . BdESEiREE 17 2020 4E 1 A 1 HZ 2020 4 1 A 14 H#E, 3t 2000 4504
WEMERH SRR, R0 R E TR EBOR AT B, 15 22 5 56 05 BT Hh S Wi i 34 P9 o 5 X3
PV E 70 FUFH P O o AR 1 S 85 70 i, NI 4 1 70 F BRI AR v /E = ANET I, B R 0 B 26 4
W 12 I A A 17 & 18 IfigfE A 6.
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Figure 6. Probability of 24-hour charging time
6. 24 /\B FE B AT [E) R R

DOI: 10.12677/aepe.2025.131002 18 ML) 5 REYR L R


https://doi.org/10.12677/aepe.2025.131002

T

i

» XA

PLORAT BLAF il Ju it X 5F R T — R P9 (0 LB i 4 e vl B e Vi L B I 10 P

Table 10. Electric logistics vehicle charging prediction value

7= 10. IR EFEFNE

Ty 2024 2025 2026
WL T HEEIER K 281,255 314,608 347,190
BP #1445 278,673 297,161 313,067
HAEBA 279,706 304,140 326,716
BT REMW) 2701 2937 3155
0 FA T RE(MW) 108 117 126
12 AR FERFMW) 189 206 221
17 A HRFERF(MW) 243 264 284

5. RESRE

ASCENRT NI 7R T RIS M S A e I, $R T TR PRI (PSO) 5 BP #1445 AH
SEATIAEA . @K PSO SR T BP 4 M4 FIALE FRE A, 3-T 7 AR TR 1 S5
ST . EHHRIETOT T, 46 T 2MEARERMENRWEZR, W B R AT SRR Az
2. PUB SN, ORI T 2R EN AR E R BT RGN, AR, %A SRR GR
ZEVE N RIS, PRI R ZERT 5%, TSE AR BAEf . 456 R0 HAT 3 AR AN 78 s s X
1, THEARH 2026 4E5F R T KR 78 B 7R SR g 3155 MW, U4 76 HL 75 sk HH IRAE 17:00~18:00 I, sk
A 284 MW, Y& 12:00 BB 1) 221 MW Fl 0:00 B B[] 126 MW,

F8HLE (1 20 A0 N5 Wi 2R I8 AT B S AR X I UL T, B A ) 7 A T B e R v ) Xk, i Bl X
38T P A AT X o 5 A R AN [ B T B 1 7 P 5 SR U 3l ) B A ML)t R B T 8, DATAfT 7
FL R A I P R 7 AR Rkt R ZN P 42 I BSOS S, SRR 2 i AL SR T BB it 4, Ak
— 5 AR IR T AR HE O 32 B R R G SR Ak AT o AT 70 TR TR o (e el 1 o A AN i N A5 ok 4%
WA T Py e AR AL RN, KRR S2RA5 N 2SN a8 8dE, WREKHE. ClnEsSs, #—Pik
T () TR 5

AR SCIRIATE T 25 S T L B A 4 7 F Rt R e D R R A B AR AL T A T (1 BV SRR AN SR A
HHEB) S ENDTAR R IR R BEE T At

SE K
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