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Abstract

With the continuous penetration of e-commerce, the volume of express delivery has become a key
indicator reflecting economic activity. Accurate forecasting of this volume is crucial for logistics com-
panies in resource allocation, transport capacity planning, and even enhancing overall supply chain
efficiency. The innovation of this study lies in its application of the Attention-BiLSTM hybrid deep
learning model to forecast express delivery volume at the provincial level. Compared to traditional
statistical models, this model theoretically excels in capturing long-term dependencies, non-linear
patterns, and the impact of critical time points in time series data, demonstrating a degree of tech-
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nological advancement.
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Figure 1. Framework of the LSTM model
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Figure 2. Framework of the BiLSTM model
2. BiLSTM & &IHEZE
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Figure 3. Time series plot of raw data
3. RIREER FE
Table 1. Parameter settings for holiday effects
1 TEMESRIEER
i H H A& H #ilchangepoints lower_window  upper_window

2009-01-26, 2010-02-14, 2011-02-03, 2012-01-23, 2013-02-10,
2014-01-31, 2015-02-19, 2016-02-08, 2017-01-28, 2018-02-16,
2019-02-05, 2020-01-25, 2021-02-12, 2022-02-01, 2023-01-22,
2024-02-10

-5 5

2009-06-27, 2010-06-16, 2011-06-12, 2012-06-23, 2013-06-10,
2014-06-12, 2015-06-20, 2016-06-09, 2017-06-18, 2018-06-18,
2019-06-07, 2020-07-14, 2021-06-12, 2022-06-03, 2023-06-22,
2024-06-10

2009-10-03, 2010-09-22, 2011-09-12, 2012-09-30, 2013-09-19,
2014-09-08, 2015-09-27, 2016-09-15, 2017-10-04, 2018-09-24,
2019-09-13, 2020-10-01, 2021-09-21, 2022-09-10, 2023-09-29,
2024-09-17

KT

2009-06-18, 2009-11-11, 2009-12-12, 2010-06-18, 2010-11-11,
2010-12-12, 2011-06-18, 2011-11-11, 2011-12-12, 2012-06-18,
2012-11-11, 2012-12-12, 2013-06-18, 2013-11-11, 2013-12-12,
2014-06-18, 2014-11-11, 2014-12-12, 2015-06-18, 2015-11-11,
2015-12-12, 2016-06-18, 2016-11-11, 2016-12-12, 2017-06-18,

WY 2017-11-11, 2017-12-12, 2018-06-18, 2018-11-11, 2018-12-12,
2019-06-18, 2019-11-11, 2019-12-12, 2020-06-18, 2020-11-11,
2020-12-12, 2021-06-18, 2021-11-11, 2021-12-12, 2022-06-18,
2022-11-11, 2022-12-12, 2023-06-18, 2023-11-11, 2023-12-12,
2024-06-18, 2024-11-11, 2024-12-12

-15 5

DOI: 10.12677/ecl.2025.14124015 1501 TR 4TS


https://doi.org/10.12677/ecl.2025.14124015

i

Stock price Training Loss

— Dala

10000 | — Training Prediction (Attention-BiLSTM) 05

8000 04

6000 0.3

Loss

4000 02

2000 0.1

0.0

0 20 40 60 80 100

Date Epagh

Figure 4. Fitting curve (left) and loss change (right) of the Attention-BiLSTM model
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Figure 5. Prediction performance of the Attention-BiLSTM model
5. Attention-BiLSTM AT R &

4.3. HRBILLE;

ML Attention-BiLSTM FIHERAE, 54L& 48 RIS (8] 7 51 U A A ——Holt-Winters —Z 538 50118
PR ARIMA. Prophet i 8] F7 41 U AR 2 33047 X6 b 23 A7, SRR T 45 2R WL < 6.,
TR R, ST R e 4 5 AR — 2, Ak P IGUE R ) T RS B2, DL RMSE fil MAE

HIPEONE BRI AT LB T
12 .
RMSE = HZ(V‘ -9.) (12)
i=1

1 A
MAE:HZ|yi_yi| (13)
i1

Hrhn FopbAR, §30RTME, y, FoRAIHE. BBMEK RMSE Al MAE @174 2 s

DOI: 10.12677/ecl.2025.14124015 1502 TR 4TS


https://doi.org/10.12677/ecl.2025.14124015

ik

Forecasts from HoltWinters

8000
- 6000 //
g | LA
8 4000 ,{ ¢
> c.;\( S et
] 4 M '."” l
S | v 2000- 4 r’lf
S ey a VA
© o oo 0 W
T I T T
2010 2015 2020 2025 2010 2015 2020 2025
Forecasts from ARIMA(4,1,4)(1,1,0)[12] ds
Results (Attention-BiLSTM)
o S
. &
g | 5 8k
3 %ﬂ 6k
7 LTS
= , ®
g7 ikl 5 X
I = e
e T T T T -0
2010 2015 2020 2025 date
Figure 6. Prediction performance of different models
[ 6. BEBTNRE
Table 2. RMSE and MAE values of the prediction models
= 2. ETUNERA) RMSE 1 MAE &
fabw HW ARIMA Prophet LSTM Attention-BiLSTM
RMSE 1208.234 1040.175 1326.725 843.50 806.318
MAE 1020.674 959.740 1289.780 795.45 742.388

X LE R I, LSTM 25 1l 45 S 1 RMSE F MAE $51/NFA& Se It st (8] 7 Z1 28, SR Attention-BiLSTM
B S, TR EHE— 23R, RMSE fl MAE 4i/N% 806.32 Fl 742.39, X153 i T HiER JIHLH| GER 1
FHPRPREEHE P (G R] 2, HXWUA]) LSTM BB 0% 2 B A AR PERT P . i SR ARIMA
FT Holt-Winters X 28 1 56 5 FI ] 72 2= 51 (1 G v B 8 DL e 438 B SRRk 55 R B 2 I i X, DR e
PRl 2% 5 ) TR FE R £ . Prophet B ZETT R ABR Y, 552 2 oM R R s gk 5%
AR RE R P VSR AN, SR 2 K 565K E, 565 0RT E T 5 TN AR L, Attention-
BIiLSTM A5 5 i & pRacks s 55 5 1 Tt il o

5. R4t

AW AE T TR 55 B R R 1S 5 P I PR 5 S T R &, DLRE4S 2009 4 1 H % 2025 4F 6 H
(Rl 55 E i D Bl A T — R TR RS 2] 1) Attention-BILSTM Tl AL, JfK H 5 ARIMA.
Holt-Winters A& Prophet &5 4& Suinf 6] /57 SRR 3047 T RGVERI LU 0. BTSSR, LTRSS B RREt
ik e A B PR 55 B3 A% 0B Ty, R A L )7 A S AR . mr s AN (R H RN A
SARHRAE, 0 TRIUBEAL (M RESR T S i R

FESEUE 3 Hreh, Attention-BiLSTM AL fe B HH 35 035 o i AL ad i X0 ) K KT I 12 12 I 2% (BILSTM)
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806.318 1 742.388, MR- HoAthxh ORI Y, 15 B L AE FIDKE P2 AN AR 2 14 777 ThT B A B R 0Bt
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