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Research on port container throughput forecasting based on
secondary decomposition and LSTM optimized by algorithm

WANG Bowen, HUANG Yi, MENG Xuanbo, CAO Tianyue
(Shanghai Maritime Surveying and Mapping Center, Eastern Navigation Service

Center, Maritime Safety Administration, Shanghai 200090, China)

Abstract: Accurate forecasting of port container throughput is of great significance for port operators and government
administrations in making scientific decisions. Existing forecasting methods, however, often pay insufficient attention to
short-calendar-time PCT and exhibit limited accuracy in handling nonlinear and non-stationary fluctuation series. This paper
takes the container throughput of Shanghai Port as the research object and proposes a novel deep learning model based on
secondary decomposition using CCVMD and STL. Using the correlation coefficient as a reference, variational mode
decomposition is first applied to the original time series. Subsequently, a secondary decomposition divides the data into
seasonal , trend, and residual components. An algorithm-optimized long short-term memory neural network is then employed
to predict each component separately, and the final prediction results are aggregated. Experimental results show that the
combined decomposition model with data preprocessing significantly outperforms other models in PCT forecasting. The
proposed model achieves a mean absolute percentage error of 0. 021 703, a root mean square error percentage of 0. 026
852, and a mean absolute error percentage of 0. 022 14, indicating superior overall performance compared to 12 benchmark

models and several models from prior studies. Furthermore, the secondary decomposition approach demonstrates enhanced
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reliability in tracking extreme values, removing and reducing noise, and improving interpretability.

Key words: container throughput forecasting; secondary decomposition; CCVMD; STL; HHO; LSTM; deep learning
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Tab.1 Decomposition modulus and central frequencies

k LR

2 3.126 6 x10°° 0.144 0

3 2.9959 %107’ 0.089 5 0.417 8

4 2.9825x%x10°° 0.088 4 0.403 3 0.484 5

5 2.864 8 x10 77 0.079 5 0.174 1 0.4119 0.488 4

6 2.8703x10°° 0.080 8 0.238 1 0.327 7 0.417 9 0.491 3

7 2.8500x%x10°° 0.079 2 0.172 3 0.3139 0.416 2 0.451 4 0.494 6

8 2.449 4 x10°° 0.033 5 0.081 9 0.183 5 0.316 3 0.416 2 0.451 1 0.494 6
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Tab.2 Correlation coefficient for IMFs

/}ﬁg*%/u\ FIM] FIMZ FlM} FIM4 FIMS FIMG FIM7

AHCRER, 0.1589 0.140 3 0.242 5 0.2219 0.267 6 0.3457 0.846 9

%*3 CCVMD 55l
Tab.3 CCVMD decomposition sequences

e St Fr Fn Frs Fryg Fiys Frve Frym ST_clean
1 299.72 0.604 735 334 0.903 305 365 5.307 437 702 14.435 051 58 7.746 028 404 —19.973 089 72 289.922 136 4 297.437 564 4
2 220.59 —1.427 798 019 —1.966 299 603 —13.203 818 93  —25.426 123 53 -7.116 455 137 -16.257 358 43 289.769 949 2 227.766 193 1
3 296.26 1.321 526 437 1.389 627 903 14.745 725 35 6.067 450 99 -8.323 873 797 —7.898 667 711 290.541 59 205.132 224 9
4 302.25 -1.362 818 445 —0.732 714 672 —11.444 461 35 16.380 461 01 4.292 670 079 2.088 969 923 291.675 953 7 302.993 593 4
5 301.68 1.756 949 4 0.511 821266 5.170 226 034 -16.800 520 13 7.347 512 893 9.929 615 179 292.478 166 2 298.125 000 1
6 305.89 —1.960 483993 -0.124 289 014  2.778 941 386 0.800 458 131 —1.972 348 396 14.194 451 52 293.096 11 308.897 612 6
7 306.17 1.916 383 294 -0.370 734 381 -9.785 417 541 11.418 709 1  -5.066 450 628 15.310 376 95 294.052 810 4 305.930 028 2
8 311.09 -2.278 110 146 —0.009 988 782 12.392 842 3 —10.662 623 78 1.556 839 322 13.571 709 75 295.431 424 8 312.290 192 4
9 301.13 2.964 082 566 1.100 411 921 -10.097 270 86 0.839 712 363 2.139 774 846 8.465 360 775 296.527 368 7 297.874 945 8
10 301.98 —3.409 909 802 -1.906 050 404  5.101 037 435 8.651 634 478 —3.388 818 416 1.485 503 455 297.388 116 309.237 473
11 292.34 3.408 673 061 1.970 437 747 0.418 776 049  —9.409 288 718 —0.911 000 648 —4.658 822 588 298.563 3217 284.002 985 8
12 289.46 -3.270 622 378 -1.726 186 483 —5.398 926 76 0.164 828 316 5.811 506 1 -9.204 763 106 299.642 204 8 291.014 849 3
111 401.63 1.469 202 873 —-4.676 884 92 9.861 451 13 2.797 489 816 7.692 136 633 -12.576 171 45 404.273 273 6 412.048 179 7
112 401.2 —-1.208 634 657 3.790 821 54 -8.089 193 13 0. 187 905 967 10.338 866 01 —7.556 673 805 406.928 444 2 401.809 349 2

113 410.17 .223 530 064 -2.330 481 41 5.348 563 376 -2.718 691 891 -6.509 410 442 —-2.596 286 661 409.057 080 6  402.581 255

114 415.01 -0.827 593 377 .349 800 392 -1.453 670 977 .029 133 942 -9.171 991 87 632 507 626 410.700 326 8  404.736 305 5
115 420.13 0.584 861 049 -0.254 78185 —2.086 147 816  —0.485 836 424 10.435 374 02 261 309 509 412.248 1955  422.372 894 8
116 420.45 -0.557769 41 -0.950 682 614  4.153 769 933  -4.971 963 076 15.679 243 17 974 049 715 413.934 2198  431.769 319 6
117 405.16 0.520 164 562 .820 052 477 -4.823 930 265 828 781 103-11.318 785 01 034 852 141 415.525463 6  407.246 381 6
118 400.12 -0.471 977 347 -2.204 818 549  4.894 387 034 .866 743 189-28.046 915 87 288 334 14 417.108 4918  399.111 040 3
119 420.74 0.055 512 205 .650 813 474 —-5.254 623 951  -7.722 750 437 1.894 583 55 593 107 453 419.068 4377  412.578 754 3
120 475.53 0.363 120 423 -0.864 540 212 4.739 450 035 .088 673 172 36.661 506 01 453 922 312 420. 824 765 470.768 316 5
121 450. 17 0.266 453 002 .295 929 671 -1.885 009 533 8.307 992 25 16.481 841 96 695 195 734 421.255 1126 447.855 133

122 380.17 -0.283 166 717 -0.734 964 174  0.199 100 414  -6.380 735 804-31.567 515 0.997 255 109 420.797 258 2 384.045 362 9
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Tab.4 STL decomposition sequences and model predictions

F S1_ctean AR F15 i I ARG O A SRS
1 297.437 564 4 1.053 25 1.003 37 281.450 23 - - - -
2 227.766 193 1 0.916 48 0.874 03 284.339 83 - - - -
3 295.132 224 9 1.020 23 0.997 1 290.119 03 - - - -
4 302.993 593 4 1.022 64 1.001 89 295.727 02 1.024 776 1.002 147 1 296.286 29 304.278 996 8
5 298.125 000 1 1.001 38 0.991 65 300.221 7 0.998 503 57 0.991 92345  301.058 81 298.180 418 6
6 308.897 612 6 1.003 01 1.028 18 299.531 85 0.970 975 28 1.017 402 5 304.583 34 300. 889 559 5
7 305.930 028 2 1.000 37 1.025 28 298.275 82 0.989 7123 1.0151865 302.807 98 304.244 066 8
8 312.290 192 4 0.989 39 1.062 14 297.174 01 0.997 923 55 1.060 914 9 300.727 39 318.383 685 5
9 297.874 945 8 1.012 58 0.993 64 296.056 8 1.008 2952  0.997 215 87  299.731 29 301.376 207 9
10 309.237 473 1.004 49 1.045 64 294.416 62 1.003 8403 1.0454719 298.821 08 313.608 786 7

11 284.002 985 8 0.975 12 0.988 65 294.594 03 0.989 919 42

e

990 21322 297.352 66 29

.474 383 4

12 291.014 849 3 0.990 3 0.988 43 297.305 37

—_

.012 181 3

e

992 226 78  297.776 61 299.061 037 3

111 412.048 179 7 1.016 51 0.997 1 406.531 03

.018 0582  0.996 313 15 404.244 72 410.027 348 6

112 401.809 349 2 0.988 73 1.001 89 405.623 29 0.988 167 94

—_

.002 147 1 406.761 02 402.811 2222

113 402.581 255 1.005 85 0.991 65 403.612 75 0.984 3595 0.99192345  405.075 38 395.519 356 6
114 404.736 305 5 0.977 5 1.028 18 402.706 46 1.002 9516 1.017 4025 402.168 12 410.374 547 6
115 422.372 894 8 1.015 23 1.025 28 405.778 66 1.017 4429 1.015186 5 401.400 21 414.603 987 6
116 431.769 319 6 1.005 52 1.062 14 404.275 78 1.012 1813 1.060 914 9 406.039 28 436.020 498 8
117 407.246 381 6 1.014 7 0.993 64 403.914 23 0.990 984 74 0.997 215 87  404.073 15 399.315475 4
118 399.111 040 3 0.932 92 1.045 64 409.132 82 0.980 73709 1.045 4719 402.885 01 413.091 323 7
119 412.578 754 3 0.982 16 0.988 65 424.899 15 1.017 9185 0.990 213 22 410.143 25 413.406 495 5
120 470.768 316 5 1.077 76 0.988 43 441.917 58 1.0559833 0.992 22678  430.212 49 450.765 852 8

121 447.855 133 0.983 13

.003 37 454.008 13 0.985 964 66

—

.005 813 5 447.383 27 443.668 452 3
122 384.045 362 9 0.955 09 0.874 03 460.053 41 0.947 873 12

T R IR R, 2P 02 B S

e

886 019 17  456.132 72 383.075 655

AW8 B S SR AR, BT CCVMD-STL-HHO-LSTM # 75 £%

*x5 HHO BEEBEEZHKSH . . . RN
ZAGF B T 2R AR T BB AT I WA A Y

Tab.5 Optimal parameters returned by HHO algorithm

(REISH
P AR FER B 2) BERITSS AR
AN AN ARSI T 13 B P 8 J R 1y %5
B BT/ 63 98 42 %, SARIMA , SARIMA-GM FI SARIMA-HHO-LSTM
ORI %) 801 1965 771 ARSI (Y T i 2R AN R 51 i 4R AR
WG > & 0.1000 0.0978  0.056 1 BT g5 RO AR . LSTM . BPNN ,GM | RF ,SVM |

RS H AR TE T LSTM X 4 A%y i B0 () e g ¢
RINFIERE T, % T WO AER M. i A B0 33
B A AE B8 CHK 5 HHO-LSTM S AN 10|
L) SRR AN

MBI 7 F AT G P9, 48 CCVMD 254k
PR 0550 0 R S AR (A I 1 559, I53% Rl AR i ) 424

LSSVM 1 HHO-LSTM S5 455 R4 i) 503000 iy £ F1 I 46 7
B 2 1) v #5455 T SARIMA A GRS AL/, B A 35
AE S A6 51 k- v - T - R E o
VMD-HHO-LSTM STL-HHO-LSTM 1 4% 3¢ $&
f) CCYMD-STL-HHO-LSTM = Ffufi 760 ) i Juj iy 2% 75
KIS AL T TR A, H o, STL-HHO-
LSTM A5 7555 Ji 4 91 448 3 4005 R L ALAT
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Fig.8 Forecast curves of models
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Tab.6 Values of evaluation indicators for models
i VA £
FET 2 FR 2
ERMS EMAP EPRMS EPMA R
SARIMA 41.124 2 0.071 2 0.098 7 0.072 2 -1.9503
LSTM 34.402 8 0.065 074 0.082 559 0.065 877 -1.064 7
BPNN 35.595 4 0.067 174 0.085 421 0. 069 505 -1.2104
GM 22.945 5 0.037 002 0.055 064 0.037 566 0.081 525
RF 34.670 5 0.066 068 0.083 201 0.068 104 -1.097
SVM 33.8118 0.062 607 0.081 141 0.064 388 -0.994 4
LSSVM 35.394 5 0.065 353 0.084 939 0.067 5 -1.1855
HHO-LSTM 31.528 2 0.057 468 0.075 66 0.059 254 -0.734 09
SARIMA-HHO-LSTM 40. 305 0.0709 8 0.096 72 0.072 16 -1.8339
SARIMA-GM 40.522 3 0.070 67 0.097 244 0.071 65 -1.864 6
VMD-HHO-LSTM 14.894 9 0.029 816 0.035 744 0.030 295 0.612 97
STL-HHO-LSTM 13.549 6 0.019 153 0.032 516 0.020 203 0.679 72
CCVMD-STL-HHO-LSTM 11.189 2 0.021 703 0.026 852 0.022 14 0.781 59
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Fig.9 Predictions of decomposed combinatorial models
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Tab.7 Comparison of the prediction results of the recommended model in this paper with others

ARSI 7RI |5 ORI R R,
VR TN 7 11 4 2R A 7 e 6 o 11 003 A b AU
BEHR VA5 2 T3 il % R M) R e JR I
HAREEE L, FT O Ak ARt
BRI RE A AR SCHE T 3 F R 40 1) i PR R
JiE 2% 5] R CCVMD-STL-HHO-LSTM, L 4% 4 41 %
FE) VMD Jy 3k % UG TP 51 R g, 26 STL kb B 51
B RS, B L HHO S5 1k LSTM 24K,
AT HE TR () FEM P BE o DA b s AR A et o
h 2] HEUNRT S, LRGSR S LAY 12 R
REA T 3 HS 1 30 0 B 1R 1 B s SR o P9 45 SR
R,

1) DO I Bl R BB 7 3 B, 2 S0 1 R
b BRI R AL G R 2 A R Tk
FEARAIE T X6F DL 11 PR — AR | Xoh B0 2R 4 T Ak B ) 43
fife 21 A AR 2 I AN AR A B O T PR
B
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M B o
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