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Abstract

Driven by both digital transformation and the “dual-carbon” policy, the demand for logistics and
transportation in the e-commerce industry has been rising steadily. The proportion of new energy
charging vehicles has increased significantly, and the intelligent upgrading of their charging man-
agement models has become a key demand of the industry. Based on the concept of “in-depth inte-
gration of Al + operations research and system optimization”, this study focuses on the e-commerce
logistics transportation scenario and constructs an enterprise information-based intelligent charg-
ing queuing optimization system based on large language models (LLM). Specifically, it achieves the
accurate portrayal of user portraits of new energy transportation vehicles through multimodal data
fusion and cross-modal attention mechanism; and realizes the efficient and intelligent allocation of
charging resources by combining a dynamic priority queuing algorithm with edge computing tech-
nology, thus forming a complete research framework of “technology integration-demand matching-
resource optimization”. To verify the effectiveness of the proposed method, experiments were con-
ducted based on a real dataset of 1 million users over 6 months. The results show that compared
with traditional methods, the accuracy of user portraits increased by 21.3%, the average waiting
time decreased by 35.7%, the system resource utilization rate improved by 28.4%, and user satis-
faction increased by 42.1%. This study not only provides a new technical path for the in-depth inte-
gration of intelligent transportation and enterprise informatization in the e-commerce industry,
but also supports the practical talent cultivation reform in the field of e-commerce logistics through
the “research-practice” linkage model, offering a reference example for the connection between tal-
ent cultivation and technological application in related fields.
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Figure 1. LLM-based intelligent queuing optimization enterprise-level system architecture
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Table 2. Dataset composition

2. BURSHER
Hdn ey FA I [F1) 5 B2 FRIE4ESE ]
F P B E R 100 TR - 25 4 AINEAG R, FEES
FEHATNIE R 1.24¢% 61~ H 15 4 FoHLRT ] b, A
SCATFAN i dh 500 5% 6 1~ H 768 4t PP, St $BURSE
Gl 7RO E 2000 Jj % 6™/ 8 4 GPS B, f#E Al Hf25E
B HE 180 K 6 ™H 12 4 KA. il TBH%

6.3. MEREIT hIEHR

AR R . AT RIERI R 2 4R TE A R, S ERFERI.

R AR TS (AW, R P S ) S5 IR1 05 2 (WTV, [RS8 RSE ) L 95%
LRI ] (PO5, YA MR i IR 45 0 i) « KRG G = (THR, /KB HGE 77); A FHEde ks %L JE R E(GINI,
SRR ) 0 A AF) P 5 75 B (SAT, i B = W B2 B AR 25 o i — S50t (G A A O D) s B8 R
RIS AR R (UTL). RAMEINME . REFERCE, & Bl (8] 550 H HRCR 485

6.4. SEWEER T

SEU BN (2 3), AEET LLM B H YR EC IS B Eh ZE F P g SHED AL DT, TRRE R E L TR
2k, IR A] % 35.7%, SEfRIT AT 2% 45.2%, RSt ET 28.4%, FHUHEETF 42.1%, FH
HEF 2+ 35.8%.

Table 3. Performance comparison results

= 3. MREMEEEER

T AWT (min) ~ WTV (min?) P95 (min)  THR(req/h)  UTL (%)  SAT (%)  GINI
FCFS 15.2 45.8 285 180 65.2 72.1 0.35

SIF 12.8 38.2 24.1 195 68.7 75.8 0.32
Random Forest 115 32.6 21.8 210 72.3 78.5 0.29
XGBoost 10.8 29.4 20.2 225 75.1 81.2 0.27
LSTM 10.2 26.8 18.9 235 778 83.6 0.25
DQN 9.6 24.1 175 248 80.2 85.9 0.23
Transformer 8.9 215 16.1 260 82.6 88.1 0.21
KT 9.8 16.2 138 295 89.4 92.7 0.18

ARSI FEAEARFR N B RS, SR RAER Y PRI R ), FAEA R H - Bk E
ORFF RIFATPIE: IR4ERE b, GeEa@ N FHREEZML, REGEEHERIICARE.

2 SR, ARICTTIEATR 24 /NI ¥ B 35 O SRR N B) o LU (7~9 IP) A 28.7 JrBRBR & 14.7 435,
I35 48.8%; AF-milg(11~13 B M 22.8 74P 5% 14.8 b, 43 35.1%; M mIE(17~19 KM 31.4 73 8hf%
% 15.0 708h, 3% 52.2%; IEMKIE(0~6 WA 8.5 /8% 7.2 704b, 3% 15.3%.

DOI: 10.12677/ecl.2025.14103335 1821 TR 4TS


https://doi.org/10.12677/ecl.2025.14103335

SIS S5

24/NBY AN [7 B B 2 AR I TR %)
T4 mer—
&
)
=
=
#*
§
®
B
< & $ 5 $ &, $ &
Q%é*’\ «\;@?" \0'0%/‘5( \\,\;@% \b‘,\’%‘“ {\g:)@@ '19:%},@ q:»:»%ﬁ
i [A) B
A B} BS54 B [ el R -
g
B
$#n
B
=
=
&
i
$ & < B 3 & > &
Q’%‘{b\ '\;’@% & ’»‘5/« \\'\;‘@% \w\%‘x (\g:@% f&:{'v é&\ r{yf»:ﬁ&
e 1) B,

Figure 2. 24-hour waiting time comparison analysis

2. 24 INBYEE A A R EE S AR

K 3 BoR, AEAET ARSCTTEAE . AR A1 2K(20%~40%)F- 35 S AR I (7] B A L S 2R 1% 18.5%, %%
1125 (40%~60%) 1% 25.3%, 1= 517 (60%~90%)ik 35.7%; 90% G i A< 1Y 30 434f, FIFO i 65 204
AFG SR IIE B R s R A E R, R, BHRATRE, W07 i e 225
HEEST .
6.5. iHRASEIEoT

NI S A R, T TR SIS P EAR L, B BRSCARIAT N R S A1) TR AR, M RE S
A 15.2%/22.8%/18.5%/12.3%, "R SFFEOME: HEBMRALAAF A, B BRENAA S S v 8 FE /St
R, VERERE 28.79%/19.4%/16.8%, FERAFYELI IR APt 35.6%; MZSHORMA M, FERILZITHE
1A%, W RLA I AEIR B 45.2%/28.9%, FERR a3/ i 15 %, Feug M 1% 32.1%. MRk S I3 67.3%.

w4 R, IR SRS IO UE T BAAEAN R U A Re R I . M P RN 1 5K B 500
JIEE, ARSCT R SR ] PO EEK, ACFIS 2 ms B F 40 ms, BEKAEEAON 20 £, @K T
FH P HRASE 500 fix (1394 o R G ik B Bl FH P RS K AR KR FRUE , 76 500 J7 F P FILBE 75 RE4E+F 10,500 reg/s
(i ik i, SR T R R AT R A ST OR B R CRAE 1 753 100 5 LR IREFLE 80%
PA LRI 252 04E, 76 500 J5 F P BB R AR 2 78%, REAREEA RIAFHATH R,

i

DOI: 10.12677/ecl.2025.14103335 1822 HLF R 5 TR


https://doi.org/10.12677/ecl.2025.14103335

SIS S5

o ST 5 %R KR FBAKTE RGHERXR
60
F 50 F
8 8
B 4 E
= i 120
100
£ l
80
10
60
20 30 40 50 60 70 30 90 20 30 40 50 60 70 30 90
REGSBAKF (%) REGFBAKT (%)
9 HBAT 5 RFEFRX R “ AT REA R R s R
N * —— * 45.4%
v 42.6%
80 \ 40
_ g
S
< 30
70
g @ 236%  244%
= S
g . E 20
* &
0 10
0 80% 90%

20 30 40 50 60 70 80 920

RGHBKT (%)

40% 60%

RAHERAKT

Figure 3. Comparative analysis of system performance under different load levels
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