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Short-term logistics demand forecasting based on EEMD-LMD-LSTM-
LEC deep learning model
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(1. School of Economics and Management, Southwest Jiaotong University, Chengdu 610031, China; 2. Key Laboratory

of Service Science and Innovation of Sichuan Province, Chengdu 610031, China)

Abstract: Short-term logistics demand forecasting is one of critical components of the smart logistics system. As
short-term logistics demand data is non-stationary, nonlinear series with strong randomness and singular points, it is
difficult to accurately predict short-term logistics demand. Therefore, this paper proposes EEMD-LMD-LSTM-LEC deep
learning model for short-term logistics demand forecasting, based on ensemble empirical mode decomposition (EEMD),
local mean decomposition (LMD), and long and short-term memory (LSTM) neural networks while considering local
error correction (LEC). The proposed model is divided into two stages. In the first stage, the EEMD-LMD-LSTM
model is constructed based on feature decomposition and feature extraction, to reduce the error caused by non-linearity,
non-stationarity and randomness of short-term logistics demand. In the second stage, a local error correction model
is constructed to adjust the prediction results in the first stage for reducing the error caused by the singular points of
short-term logistics demand. The results show that the proposed EEMD-LMD-LSTM-LEC model works better than
other eleven models, in terms of root mean square errors, mean absolute errors, mean absolute percentage errors and the
adjusted coefficient of determination, including the mathematical statistics model — ARIMA, shallow machine learning
models — support vector regression and the BP neural network, deep learning models —LSTM and the convolutional
neural network, combined models —the deep belief network-LSTM, empirical mode decomposition (EMD)-LSTM,
EEMD-LSTM, LMD-LSTM, EMD-LMD-LSTM and EEMD-LMD-LSTM.
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SCHE R R R iR Z R 1E (local error correct, LEC) K
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N7 B 3iF EEMD-LMD-LSTM-LEC 5 il # 7 1)
AR, A LR AL 5 2019467 A 1 H#|20194 12
H 31 H A BT I %R A P 7 SR 1T SR AR S
DR GAFEALE, HE0H 10 75 2%

25 8 B SR AR U 1) B v DL R BB %, AL
IEFE 12 1 1 N T8 1] B oh B4t SR A7 g it BPRE 2019
7 H1H00:00~12:00 74 435 7 R &, i
N 201947 H7H 12:00 ~24: 00774
FIPIE T SRS, 8 N 5 2 2 Bl A BL 28 3, e it e
12 h {46 0 8 S 366 2%, BdE 2 A tn & 4 i 7.
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6 Sb 160 1.50 260 250 360 3:50
time seq
El4 EEREKREIES
H 1] 4 T R, RIS A s R it 2 B B A AT
Rtk SRBEALIE L R AR AR AR SR AFAIE.
N B e SRR LR S A B B2, A
sk FH e K dme /N A — A R s e 1t AT AR B, B A6 5
PEAR IR 21 [0,1] 2 1], B4 R A T

o 2 — min(x) _ (14)

max(x) — min(x)
3.2 IFNERR
N T E TIINRE 2, AR SC o3 ) de B FH B 337 AR
% % (root mean squared error, RMSE). V- 44 5%t i%
% (mean absolute error, MAE). “F-¥J 4 %} 7 43 LL iR 22
(mean absolute percentage error, MAPE). % IF ¥t 5E %

% (adjusted coefficient of determination, R?) {E AT
ezt
33 FESYGE

ghE AW TR, A SCR FH A 2H A 75 SR 4L
R I 2 3 4L i 75 R, BRI LB e FE SN —
o 5 P TN AL, Ak, oA T B e R TR TR
RS LSTM 5 R o 1) 5 )2 51 TG 4 g A LEC 5 2d vp
(1578 BE o AT S 50T
331 BREREITHE(HEE

HT T AN [7] 1) B2 B e AN B g 2 6F T K 77
AR, AR SC AT B E OT B S TR R
LSTM (1 J5 a5 N B A A~ 4 B, 256 A DG 7R 22
56, ik g = 4,8,16,32,64 N2 BT AT SE
B, HoAh 2 B0 B a0 R I ZRI% ARV 3000, W) 4G
22 31 3.0.002, PR EE 1 20 Y. B&UZE BTN B g BN
7)o (A 2R S0 280 SR R VPN 4B AR B W0 3R 1 TR,

£1 (HAREBITENIER

PREi=#
qfd
RMSE MAE MAPE /% R?

4 214.7087 113.2759 53.962 38 0.842 04

8 247.904 3 132.7315 55.924 46 0.789421
16 229.1109 128.304 2 71.432 14 0.820 138
32 265.0532 127.9738 54.13262 0.759279
64 245.0637 130.3975 55.598 69 0.794219

HZR 1A, g = 4B, 4P PPAN R AR B A, I 4
Be 2 B H o 4 ), T AR e . TR b, AR S R 2%
HHLAAN B2 FICAE N LSTM (B2
332 RAFUE o HIEFE

HA R IS 09 75 SR TN 45 22 S 1) s SCmT I, A
LEC #5 B v, o {8 [ 3% 38 6 - 450 8 10 0300 45 i &8 o
B —OR UL, o (B8N, 3R 254 IE RV BT, Bt
AR IE R R B 5 —J7 T, a{E 1/, WA B 3%
FEANH S, 7% 5 5 B TF I 1R T AR 1) 5% 22 1 K, A

®2 oBARMERIFNIERR

PR AR
afl
RMSE MAE MAPE/% R?

0 1242726 83.5527 454271 0.947 1
50 115.9507 78.8723 43.6422 0.9539
100 116.004 1 80.866 5 46.686 8 0.9539
200 117.4620 84.4271 49.6796 0.9527
300 116.1997 82.363 1 48.6740 0.9537

400 123.6254 86.0003 51.7097 0.9476
500 123.2463 88.2653 52.2809 0.9480
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TR 1) T M i e T B AT DAL b, AR S oy i B 0 =
0,50, 100, 200, 300, 400, 500 33F 474X, 45 74 FT 0 25 S
IPE R AR 1R 2 BT . BHER 2 WA, o IR 0] 152 2
) T P A W R RIS . 2 = 50 B, B TS
e, Fh b R23A %) 17 0.9539; 4 0 = O, TR R
$3 22, 3% W SIS HA S0 Isk ARG T 11 ) . R bt ) A

0.5
of MMM
-0.5
0.1
ol
_0.1 -
0.1F
ot
-0.1L
0.1
0
0.1
0 N/\,\/\/\
-0.1
“—
-0.05
ow-—_‘\‘-‘//////—\
0.05F
0.1 ”

0 50 100 150 200 250 300 350
time seq

(a) EEMD %3

IMF 1

IMF2

IMF3

IMF4

IMF5

IMF 6
=

IMF7

(S
(=]

[ RAZ R a A 50.
34 LWLERSH
3.4.1 REITM R AT
1) EEMD 4} fift.
Xof FITUSCHE P R B A0 75 SR 13E4T EEMID 7 iR,
33 74N IMFE 73 B A0 1AMk 225 &, 1B 5(a) .

PF1

PF2

PF3

PF4

PF5

PF6

res

0 50 100 150 200 250 300 350
time seq

(b) LMD %

5 SRR ERHIEZ EEMD f1LMD SRR

2) LMD 4} .

XA I D 7 SR A AT LMD Zr fig 5 724 17 6
ASPF o B AL AN ZE 7 &, W 5(b) B, sk
B9 9 PE 73, JiE 2873 JAH N ) f 45 25

3) LSTM Fiill.

¥ B EEMD A1 LMD 4 fi# 45 21| 1) 43 & 43 79 4 A\
FILSTM H 3k 47 T, f5 £ 15 30 (1) 265 1 By B 000 45
AN 6 Fran. FA A 1 14 e A5 40 T : RMSE

— real

3t - - - prediction
5
s 2
g

o~ ’

0 10 20 30 40 50 60 70
time seq

6 % 1M EEEY EEMD-LMD-LSTM #&! M % 5

“H214.709, MAE N 113.276, MAPE A 53.962 %, R% }
0.842. H &l 6 7] A1, L SEAE 5 A S AR A B —
B, A, W R AN R AR R AL FOUN 4 e 5 22, DAL U, e
HEAT 28 2 W B JR iR ZE RS I

4) LECKZIE.

552 B B SR 0 R 22 A E S ) TR 25 S ] 7 B
. FAR N BEFE A5 41 R RMSE A 115.951, MAE
N 78.872, MAPE A 43.642 %, R? 1% %] 7 0.954. 1] DA

— real
3t - - - prediction

NN T

0 10 20 30 40 50 60 70
time seq

7 SE2MERBERNRERENR
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xR ¥37%

EH AT 2 1P B R iR Z R RIS T 3R 4F
HICR, R R2 315 1 11 %o, HoAh T br A B B 1Y
P . MR 7 EEMD-LMD-LSTM-LEC #5347 %
oL B A 75 SR T H R S 12
342 HEEIXH

T i B IRUE AR ST IR AR A R, 43 )
BT A 11 R i 75 SR PN ASE Y R A7 X6 L, B 1)
IS ARIMA; 2) 3 JZ LA 57 ST A SR
1] & [7] 9 (support vector regerssion, SVR) A1 BP il £
M 2% (back propaganda neural network, BPNN);3)
VR S AR G R 28 Y 4 (convolutional neural

;&CﬁlIMA
3r = SVR
; BPN
b ;7‘ ,,,,,,,, EEMD-LMD-LSTM-LEC
S 2t |
=}
- ‘
< 1
0f :
0 10 20 30 40 50 60 70
time seq
4 j}j?/}D-LSTM
,,,,,,,,, EMD-LSTM
EEMD-LSTM
- 3t = EEMD-LMD-LSTM-LEC
g 2
<
5 1
o
0

0 10 20 30 40 50 60 70
time seq

(c) 34

networks, CNN) 1 LSTM; 4) 25 T A 7 VR 15 B A=
W 2% (deep belief network, DBN)-LSTM.EMD-LSTM.
EEMD-LSTM. LMD-LSTM. EMD-LMD-LSTM #1
EEMD-LMD-LSTM. Tl % Lk 45 5 4n i 8 iz, i T
ASON HCEE 20K 11 Rl D 7 B 2 s AN 8] 52
THO &5 SR 5 BB [ 22 0E, AR OB EE A N 4 4
1) ARIMA.SVR.BPNN; 2) CNN.LSTM.DBN-LSTM;
3) EMD-LSTM. EEMD-LSTM. LMD-LSTM; 4) EMD-
LMD-LSTM. EEMD-LMD-LSTM. % 41 %4 % v —
A, (RIS, 72 B B R AR I N AR SC B AN R I
Wi 5 R TN SR db e, DA HE T 28R

3 L
=
5 27
=
<
(U = v ‘
0 10 20 30 40 50 60 70
time seq
(b) F24
real
4 --— EMD-LMD-LSTM
EEMD-LMD-LSTM
Y | B - EEMD-LMD-LSTM-LEC
é 3
S 2
g
5 1t
o
‘;

0 10 20 30 40 50 60 70
time seq
(d) 44

8 IRRTHIR R K TN XTEE

DN T SR B DA FOUINORS B2, AR SORE BT AR AL
RMSE. MAE. MAPE fl R? #E47 % L, 45 % 3 fir
N

FH /& 8 F13& 3 W 1, EEMD-LMD-LSTM-LEC £
RMSE. MAE. MAPE fil R? JUAN 8 ¥ _E 1 g 13 &
FAR T HA 11 FpABE A, Horh R? 15135.0.953 9, Ui W AT
JIr 4 PRS2 A A IR A3 75 SR TI0I 7 T AR F. T
A T s 4 A B AL, 4 LMD-LSTM.  EMD-
LSTM. EEMD-LSTM. EMD-LMD-LSTM. EEMD-
LMD-LSTM. EEMD-LMD-LSTM-LEC, il 1: ¢ &
T HAR P A I 23 i A Y, BB T X TR
PR PEDR. BEMLME O A A R U T SR T S Bl
fife 1) B 2% itk Ak, W] LA th, EEMD-LSTM 5 LMD-
LSTM ) 75 4 BE 48 T EMD-LSTM, 3t B EEMD 5

LMD §& F 2% fift 1k EMD [ 155 25 VR & vl R % i 5 2
JS; 7] f8; EEMD-LMD-LSTM () il ¥4 G 4 T EEMD-
LSTM 5 LMD-LSTM, ¥t B EEMD 5 LMD ] 414 &
ARG WA 5 — 7 il 8L 1) AL % EEMD-LMD-
LSTM-LEC i il 7% & 1. 7- EEMD-LMD-LSTM, A
TMYRUE T LEC )& 3% 1E 1A 20
3.5 FUNARBIAYZALEE

BB IZ AR TR I 1 XS A R B 1 3 B g
D3, PR 3.1 715 B S A AT 2kt 2 Ah, O T —
A U8 IE BT S ST 1 TIIUAR B A E, ARE  fE RE
F1, AR T TR T R A B 25 7= i AR 75 oK
B 361 2%, [ 4% 12 h (g iR 1] [ g 5o $ic s S 3k 47
ik, B o A an B 9 B, Sz g 1 9 A8 A o 1
117 5SS R R 4 Fis.
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BX 7% % A FEEMD-LMD-LSTM-LEC % & 5 3] & & ey 4a it dh i & K Fm) 2521

*®3 BIUNRBEIFUMIREIS L

R etz
it
RMSE MAE MAPE/% R?

ARIMA 635.5828 330.8685 103.1196 —0.3842
SVR 489.3517 268.6611 94.8253 0.1795
BPNN 462.6835 213.7270 65.4941 0.2665
CNN 438.5790 211.7120 80.6376 0.3409
LSTM 437.1400 186.0130 57.7940 0.3450
DBN-LSTM 527.0296 251.6570 113.2637 0.0483
LMD-LSTM 245.0691 203.1332 127.1495 0.7942
EMD-LSTM 409.1549 278.3641 114.1396 0.4264
EEMD-LSTM 395.3946 229.4546 82.4283 0.4643

EMD-LMD-LSTM 215.5409 115.1866 48.6338 0.8408

EEMD-LMD-LSTM 2147087 113.2759 539624 0.8420

EEMD-LMD-LSTM-LEC 115.9507 78.8723 43.6422 0.9539

600

400

demand

200t

0 50 100 150 200 250 300 350
time seq

9 FFFERIRFRDH

x4 oBAEMETENIER — AR
(B
a {E
RMSE MAE MAPE /% R?

0 39.1647 26.1500 197.4253 0.8365
10 38.9755 25.748 8 198.245 1 0.838 1
20 36.9948 25.1279 214.4742 0.8542
30 37.7519 25.9672 212.2570 0.848 1
40 37.6794 25.8228 210.9314 0.8487
50 377212 257996 208.1244 0.848 4
100 382175 25.678 1 204.7790 0.844 4

FH 2% 4 W] 1, o B 20 B 000 P R g . A5 A A
A B R TS

AN FIRE B PR TR AR a0 3R 5 B, FHER S T %, %)
T3 YR i 2SI R T AU TR SR U, AR SC T R Y
EEMD-LMD-LSTM-LEC 1% 74 {1 T ] 2% 5 35 2 35 A8
T B 11 Fhok U AR A, i — D IS UE T B AR A A A
B 4753 7 =R T 5 T (A Rk

x5 BTNRERTNIRESTEL TR
P
B
RMSE MAE MAPE/% R?
ARIMA 103.6218 54.9687 261.7314 —0.1442
SVR 94.5407 67.4677 5429879 0.0475
BPNN 93.4200 52.6552 374.9727 0.0700
CNN 104.788 1 60.8222 430.5884 —0.1701
LSTM 91.4960 51.0729 370.1614 0.1079
DBN-LSTM 102.3894 62.0002 504.8500 —0.1172
LMD-LSTM 54.0242 36.2461 414.2318 0.68900
EMD-LSTM 86.0271 48.0852 203.1027 0.2113
EEMD-LSTM 75.2519 483917 232.0478 0.3965

EMD-LMD-LSTM 55.6204 32.7776 209.5168 0.6703

EEMD-LMD-LSTM 50.7291 31.4081 189.3986 0.7258

EEMD-LMD-LSTM-LEC 36.9948 25.1279 214.4742 0.8542

4 & ®

A SR R B P 7 R B % 1 T EEMD-
LMD-LSTM-LEC il 155 &Y. 2 £& 21 £ 4 (1) 3 ~F £
PEV SRBENLYE. HAEZME SRR, Bt T LI B
EEMD-LMD-LSTM # 5Y, %J Jif 46 Rp4iE 347 A 2005
EIPREL. [R5 FE 21 55 I U 7 SR B 1) R iR g AR
FRAE, Wit 7 55 2 [ B LEC #5528 3 o 2 40 F 00 15
255 5 1) SRR AIE, X6 55 1 B B T A 147 KL OE,
Tt T TR A

9 ARAIE 35 A3 50 A 1 T 25k SR, xof B g A A o
LSTM 5 A4 (1 [ 58k )22 5 70 84 ¢ A LEC A5 284 1 2R A% 0]
B a AT ZH TR, S50 R B, F8UZ B on Bk N 4
I, A5 2R T PR 4 BE s o AE N SO IR, LEC B2 2 fig
A TP RE.

N T % 1iE EEMD-LMD-LSTM-LEC £ % [} T 45
] 47030 75 SR T 0 25 R, AR SR B T ARIMAL
SVR.BPNN.CNN.LSTM.DBN-LSTM.LMD-LSTM.
EMD-LSTM. EEMD-LSTM. EMD-LMD-LSTM LA }%
EEMD-LMD-LSTM 5 B4 Jg it LR, SRie 45 %
B, AR SC T H (A 28 7F RMSE MAE. MAPE 1 R?
VY A8 b 7 T 380 F FoAth 11 FhoRE A M 36 IE T
EEMD-LMD-LSTM-LEC #% 284 X} - & i #) 9 75 =K il
WA Rk,

N T k5 B E AR B 1R Ak i, AR S Y A
R 7 i S P A I 0 e SR AT B 12 A S
5, 9250 45 L B IRESIE T AR ST H ¥ EEMD-LMD-
LSTM-LEC 5% 54 75 %5 B 9538 75 SR 0 b (1) A5 21 0
e .
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