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AT 4 AL A VL, 3 B FEGTE A w) btis g T T Aiass . seah, SRt ss EH I b a5 K
HHICAZ RS (LSTM) 5 [ 1 ¥ 1 PR A 7 (GRU ) 45 4 0 FH T4k % 0 iz B T oY 40k . I 4k, 24a /il
A 32 B R AR TR S P MBI S BT 9T, 389 BB AL Bk 5 0 R T B R AR 25 A 6 7 25k
T, VA i OORS B2, (EL7E i 4 T AR B R e e A e | B ik | B TRk R — S 5 S BB AE G
7 Tk = EE S ERAMAR

M BRAS BE HE T (eXtreme Gradient Boosting, XGBoost) /A —F B 5 At 42 il S AR, AT AF R 12387 57 2 ik
FEA T, IR LN PN R ) B 98 o ) AR AU 6 TR R i B rh e i 4 K XGBoost 52
RN T 28 b e s T HE A AT 5 SR RAEUSKE PCA T % AT 48 4 i R 4, R SSA B vE X
XGBoost #1T#8Z T4, JK PCA-SSA-XGBoost TR AR [ FH 728 3Pk S P-4k ; 78 4 bR F 2E PSO-
XGBoost TR I FH F8" FH- 58 KK IR-PE R 5, AR & 512 (L RE S F SVM., RF %5% HuAR
A FRRAFECO XS 10 PR G EAE I TRELE BT, A T —FP H S L SA-PSO-XGBoost Tl il A5 8 I X e 52 b
X 2016—2017 AR E AT HINAT ST, 45 SRR IR HEE S 00 G B L % LS A 25 21

LR “6457 TRRSCHEG bz AR 3, AR SGEPRRIT T4t BoK B bTis mAE R 4,
Bl %o v 4 T BSCHRE P R i 8 B i 2 R B T o AN — S5 A5 (] 3, 433l R — A E S KNN e BE B AR
FFAEL A X R AR B0 v s [RDASE AN — B S e 2 () U A T i ¥ Sadih . R R SHAP {H A ] fif BbE 5 2R
TEEEAWFH o 2 T M P B B RRNE 7 51, 51 A Halton IR 25 5 7751 5 M 2 124 1 SR (QRBL) Bt itk 446
AR (TSO) B TR, I8 551 5 XGBoost TR A AH 235 456k H e SRR B0 i . P 5B A TR
JE | S BRI TS S, CIE SRR N R G, dE— B3R T AR A TS B

1 KB HONAR R A

1.1 HIRBEREAER (XGBoost)

W B2 A 1 42 7 (eXtreme Gradient Boosting, XGBoost) ! J& — it ol i 5 J& $% T+ A4 ( Gradient Boosting
Decision Tree, GDBT) 8.3k, 7EI-ATIHRACE | SEALHE  FNMERE 7 I #4543, J1-7E Kaggle HLA%=~>J
SEFE RIS A2 24 . XGBoost B IR BEIEHE T50 B PE THATE 0K, 1l d 2455 > 28 SN S
B BE AR 2T, B 5525 2T g AR AR, RIER— AN R LA ARSI, LA R 22 VE 5 AN mEM g B
FRAREEAL G, DU HEZ AL SR AT B ERH T I I, e 2S00 45 SR A4S BB T 45 2R 2B 2 o0
1.2 £aBFMULEZL (TSO)

A6 AR 4E (Tuna swarm optimization, TSO) 22 3= ZARLl G40 (A RER A PAFR 50 & 17k, RIISUIE 76 £ Al
WL, AR EA TR R WS B BT T S S 800 e . BRI, SR T TSO B it
XGBoost BRI TS T

TSO MR b5, AR I8 BEHLEL i B, 4255035 28 56 ) W iF IR E B0 12 (11<0.5) R M) 4 6. 1
(rn=0.5)M~FrBe.

(1) W28 0, £ ST

1 (X () +BIXe (D) = Xi(D) + 2 Xi(0), = 1,72 < 1/tmax
1) = a1 (X (1) +BIXe (1) = Xi(DD) + @2 Xi—1 (1), i=2,3,-+,Np,r2 <1/tmax |
D= X0 +BJXy (- XiOD +aXi0), i = 1,2 > 1/ M
a1 (Xy () +B|Xy () = Xi(O) + @2 Xi-1(6), i =23, Np,r2 > t/tmax
B =exp(bl)cos(2nr3) 2)

1=exp 308 [ius + 1) 1)) G)

(2) P2 v e B e
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1 \2
Xy () +rs(Xy(6) — Xi(0) + TF((l - ! ) ] Xy () = Xi(1)), rs4<0.5

max

;o\t )2
TF((l - ) ] Xi(t), rs4=05
tmax

2 X+ D RER e+ 1 YGEARAYER @ A MA Xa(o) B8R ¢ YGRS § A MAS X () W5 ¢ UGEARBERLA Y
MRS 5 Xyt RGE N EAE N os cx BRI EB BB E R, Hhae =y+
(L =Pt/ tmax)s @2 = (L =) = (L =Y)(t/tmax) 5 ¥ FHBIUE 0.75 ¢ F tmax 5350 24 T3ROS e RS AR
Fis P2 13 ras s ARERLUECEH BB R [0, 10; T A REHLEL, BUE 1 58-1; Np IR EFEEE .
1.3 Halton REFF75
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Fig. 1 Population initialization with Halton sequences
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Fig. 2 Population initialization with random sequences
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14 HERHFS (QRBL) REE
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FOEER) Z R . Fan 4529 B F i n) 27 ) 06 W& 4 T — b et o s 5 2% =1 9K % ( Quasi-reflection-based
Learning, QRBL), X} L35 iF 3% W HAE F- 02 Jm AL i - T OBL KW, 051 A QRBL 5l Xt TSO ik
AT AN, B T R N ) SRR, Hoe AL (5) FiXi(6) s .
e R ) g% (QRBL) :
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X o= S ©

o X+ DIRERER r+1 YGERUSEE | DRI HE SR s My oML T o § M R 2 [ HUE b
TR buiy by A RERES | DNAMRAIE RS ] L TR r6 4 [0, 1] HUE R REPLEL
1.5 FHEEEM A ERE

FREAE HE M TR R AT Y 0 e OB RR A B8 1 B 2 — 3, AH OGS 97 38 32 R FH B2 R OC R B0
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SRR RO

R B ATE A RRIE T 90 B4 7 ik, o0 AR B A I ST B L — 28, SRR Z ) 1Y
B S5, H T AR R TR B | 4 XHERE = | V) S Je IR B8 4, BE e P A5 105 W E B8 i/ N — X & T
P — B2, ARSI RR 28 5 H AR ] P B S, DLNCRHER D601, BRI AFEAG h—2 M1k,

SHAP (Shapley Addictive exPlanation) &4 T #7515 1 Shapley Value 1Y4f /&™), SHAP #%.0EAUZ A
S FFE AR 493 PR DTHR, S80GSR RHIEAE T A RRIE P 90 25 14 T BN [R] 32 bR ot ik, RO Y (E 61 7
FERERIWT RN, HOAN S JE AR S 2% S8 T AR IE P AN A A 7 A B B RIS, . PRI E, 51 SHAP 48R
i R RE 7 Ui A o 4 T A S b B SC SRR IR Y 91, AN RE RS AL g A Bs 4 2, S BB MR AL T80
1.6 ZIREE1L TSO-XGBoost FMRAL 712

T SEEERTRHE T AT R A AN S R AR EE RS, Rl 26 5 IIRKAE, 51 Halton IR 22 5 /751 42
F+ TSO W46 it A 45 43 A5 5 78 35 Y5 B, X TSO #4848 & T8 J5 7 A= i i A7 o I 5 2% > SR g Pt 3
(QRBL), #4# fif JT: L Acad 1 B pR R (DX (7) ) A8 Ak, i — 20 i TSO B4 XGBoost FAYE 2 1) 42 Jey i
KAEES) Sk i R i I BE ), 6 A2 B YR ARUCEUR , ¥4 2 0 ms ik TSO Sk ik 15 i i i S 24H BT
XGBoost FMAR AL, Ff0F 0 25 R AT IR 22504
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h=1 u=1

P Fr AORIE DL s y (I ARGRINGRAEERS B ASEPREL y (D ARSRINZRAESS b A TUAE; yi (o) AR LS
5 u ANEBRE, y RIS u DTN H A INZREEREARL, U ISR A R

2 SRR

ARSI bl “6457 TAREMIILBOK B OTIE A BT 4, Bk I8 EERITHE R SR | 58
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2022 4F 12 H, A1 96 1~ H .

K E BN N R A 2, W I R SE | b a i  HoAbam Ty 3 XS S A B . W Iv A2 T IR



90 KoOFH oK B L B #H 2024 £ 12 H

AF AR, OGO FE # R S5 R R S8 T AR 53 Hr i =2 i K 5 023 ot AH S ) P
2, (Al T A | B IR L AT HotE R Rk P e B DU 5 i) PR R A R R AE AR i 81, FERTEEE
AT R A FER L, 255 2 R R M5 SCHR R AE A5 B 0 . 45 SERFR01 ) GE B0 288 B A it
0 S AL RSB, $O05 50 e BB b 28 1 XA 7 (L R R TR L R R SR AR TR A kit
HOABREE EORYE R R E R SR R B AR AR K
Jers i P i BB YT AR W Sl R . JLTT A YT AR Wi Sl I 45 15 A DCUARAE AR i, ki
D UR | AR YT P AT T T AT P AR S O X 3 S R A AR S S AN K, R T
NG NAFERYARAF A B R
2.1 SFEFFIHETATE

UG s TR S IR 45 KB 7 G LA e SR A0, B R AE 7 S B e 1 s T B A7 A 22
S, HAS SRRSO A AR Bk IR, AR IRAE 1, 2 A8, S Gei A R 1, 2 H Bna g v
HNRAR, R L v R B R A e 5 B A T TR L, Ay T A A R A 5 P S R R SR A
211 HRAF BB XA BES LS BHR&Y . RiZ AR A EREVIXR,
ERG R H5 G AU A A 3t X AR 7= B S B AR | 2R 8di 32, 34 A A 5 LA B8
KA o N T Ge— PIA RS da A 0 B TR0k BE, $00KF 2015 4F 1 H 2 2022 4 12 H 648 Ho X A r= il
ZERARTAC N A BEBOE . 2% M DRI A0 X A 7 (B B R v A1 7 k1, 812K B EViews 10 %X
GO = D2 54 €7 B i W < S i < R (= b1 B 1D - €] ot R 31w | A < A P 0A el N | K 93
i 1) 7 R e s A3 1 R (A 2018 4F 2, 3 Z=E M) o

R1 MXEESESFEERAEREK

Tab. 1 Conversion of regional GDP from quarterly to monthly N7 44TT
IR DR 3 (R ) I [ B O )
pE 3FE 44 5H 6H 7H 8H 9H
10 103.57 10 620.01 3282.82 3373.38 3447.35 3432.11 3527.37 3660.51

212 AR IV RABHRR 5 Rm AR T, 3 T BRSO AN A, B R AR R e A
R, PR BT SRS KR HEA TR (E . 8 Python XHRFAE Iy 51 Kt i I K BRAT K 70 A 1% BLEA T 0028 20 H,
FPL 3 Al A0, Bt DA 7 S E T BT B AR AR A, A btia e sRDUHE AR Ay i . sCDUR TR R
T S LAY TA TR W T 538 i K e B A, AR PP 5 B B A A e AR Ol . e, Bk
s AR 12.5% Sb, FARFEE P IV EHE BRI T 10%, EEHRAGEST 1AM 2 A, i
AR BT 2O B R A AT A o
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Fig. 3 Missing rate of each feature sequence data
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2.1.3 KNN RIEHREIHME S XGBoost ik FEHR MY AT 5 BRI, HIA R & 1 5 bk
e 5, (AR i A BN ) 58 3 5 o e IO AR R RS A o FE A, PR R A AL B AT,
TR 5 Bt € 56 AR R 1) v BB 48k, I 53 A T AR R 500 00 T A S8, s R R A by
AP AT . BT, W B BUEIG ATk E A LA 50 B S ORI . — IR AR
K 4B VT i (K-Nearest Neighbor, KNN) 45, HH, KNN ffi A2 2 H AibLas a7 > 453k 3 i if) il 2 B0 4 #b
Jr 2, i r2f 8 R A R B AR (Inverse Distance Weighting, IDW ) X HiE 47 2k, {8 FH Python X 4FAE 5 HiE
o8 AN A R B R E T S A TR AR, SEORCEHAN AR FE AR 5, A sRAGE A 2 ) Y B S AL
T, FE BB MR, e Z IR, RGN 2 FioR
F2 KNN REENERE (LUBILEkEREEHREERSAED

Tab.2 KNN Inverse distance weighted interpolation (taking the imputation of missing values in Hubei

railway freight volume as an example) LK VAT
1 WL PRtk b2 iz i WL B bt i i i WHLA B b iz i LA PR bE i
i Ui (KNN B A A A5 ) i Usgdin) (KNNJ AT A (B )
2017-11 590.45 590.45 2018-02 555.10
2017-12 592.56 592.56 2018-03 559.40 559.40
2018-01 555.85 2018-04 561.90 561.90

214 BORBEAAEE RO B BURA AREE 5 R B A £, P05 k2
RARFAGHOR TSR, TR, 0 M DU A TR SO 2R . TR A TRRCACHS Ty 15 44
31, 535238 scipy A HEE 17 49T, 60 A 221y i, BB SR FHIRK T HE 29, 26 5 0 8 B,
VAT 15 AMRFAEIT 91T 4 SR AT RFAE P91 45 (1 4 F0)
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K4 ZUERED
Fig. 4 Hierarchical clustering analysis
MG Z ORI SE R, 0200t 18 s B B A 18 50, b XA S A 11 > S 2ORRAE, i 3R —
AN R BRI 15 A R 2 T B R S AR, B A D, B RE A sy , (E AN BB BARS10E F 57)
TERSRII R AT IRROCR,, T SHAP {H /4R R RE I ML /R T RHIE RS RsE i RE 1 55072 ARTEIA 5
G A 4FIE RS SHAP {5 K 4 JZIREIET4E R, L85 H B MR I7 SRHIE P91 R S HEFP 45 2R, 1B
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PEH DR DU D AR A DU DR A it | MDA R T RO B AR R iDL
KPR SCHR « JEURE™ 5 BRERDTIB L, AR A7 L IR R A 10 JERFAE PSR g T B A
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PRI O BT —i .-
B R /T ¢ i
oK AR AT - - - pE--
JE B PN A8 50 % e
DU T RATR W7 1 2 30 3t/ A i 3
JRE R T e 2
BRI RiE =/ t T &l
ISR kL - E
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IKUEr= /7 t s
JUIT AR TR ATR 7 1 2 30 3t/ A T
NSRBI t - B
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WM T = i
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SHAP {8

K5 J{ES &FHIEF S SHAP (B
Fig. 5 SHAP values of feature sequences after interpolation
22 HEEBHRE

A REIE S0 B AL B S SR T, MR 10 ROCHEERAIE 7 A B R, 2 BRI ZRAE 90% ., T
AR 10% [ L) 4 (RIR T 2015 4F 1 H 2 2022 4 2 H AR IIZREAY, 2022 4F 3 A & 12 HEdR
TE), BEAYTRIN 25 SRR F - 46 6HE 1% 2% (Mean Absolute Error, Evag) . “F- Y4551 A 43 1% 2% (Mean Absolute
Percentage Error, Emape) X377 R 1% 2 (Mean Squared Error, Eryvisg) #EATPEA 34T -

R T A M TE AR B AR, ¥ H BP. LSTM, GRU, LSSVM, XGBoost, TSO-XGBoost, AO-XGBoost.
AOA-XGBoost, AVOA-XGBoost, HBA-XGBoost 45 #4 |1 1l 462 71 K 45 2 i 2 SO 5301 (%) JR00 AR 80 3 A 7 o)
Fe A3, Hor XGBoost 155 71 pe 5 A At U X A] [10, 1 0001, SRS AYTREE [1, 100], 2% 33 % [0.000 1,
1] TSO. AO (Aquila Optimizer) . AOA ( Arithmetic Optimization Algorithm) . AVOA ( African Vultures
Optimization Algorithm) . HBA (Honey Badger Algorithm) Z&fifb R FHHBOA S B0 &, RE & FIFEE
f) BP, GRU, LSTM BAU B 5 245 iR AR S 430 /A 30, LSSVM 5 5Efilli XGBoost B8 [A]FEE#E 2
NN
23 BEMTESERTEN

R T HEAER AT T MRRAE T 51 07 18 1 AR S AR, B AE B XGBoost £ (S 40EIN) 5 TSO-
XGBoost A G2 F0) XIHIH 15 AMFHEFIHRERTS (7% 1 F 2) 37 A, Bxf % 2 5 3 it

gEIL . AR 3 AT, BRI EE XS HERI Y Ty 2 2 TS5 SR 1Y Evap. Evare. Ermse B0 F 7% 1, MRS SRR
BRI AR R OEE 91 Bl A A D5 X B RS RI FOORS B A — e B B 38 3 5 2 THEEE R, Pt T Ass
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Tab. 3 Feature sequence settings and model selection under different schemes
PR e
E S HEAE 75 e XGBoost(SHEIN) TSO-XGBoost (£ F£)
Emag Emare/% ERrMSE Emag Emare/% ERrmvsE
ES! IR LSRR 5 (BT ) 495.930 9.86 547.391 220.908 4.60 356.899
ViE WA LSRR8 (R ES ) 439.535 8.75 480.357 192.352 4.02 377.056
UES LRI IF 1 ()2 R S SHAPTi i ) 390.772 7.70 440.283 151.116 2.96 213.010
FT 4 BEATUERENIER
Tab. 4 Evaluation metrics for forecasting results of each model
PRI S AFHETRE IR E S R E/% BT HRIRZE || BRSO SEIRMER S AT E A iR 2% T RIRE
LKA TSO-XGBoost 102.233 2.05 145.096 || XGBoost 390.772 7.70 440.283
TSO-XGBoost 151.116 2.96 213.010 || LSSVM 537.999 10.68 586.099
AOA-XGBoost 188.967 3.93 367.493 LSTM 414.925 8.27 461.438
HBA-XGBoost 182.694 3.79 319.371 GRU 417.339 8.30 497.249
AO-XGBoost 181.533 3.78 319.545 BP 446.253 8.98 544.362
AVOA-XGBoost 187.830 3.92 371.049
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Waterway freight volume prediction based on SHAP and TSO-XGBoost model

WEN Quan', YU Yuhuan?, ZHUANG Shangde?, MOU Junmin®

(1. Business School, Wuhan Vocational College of Sofiware and Engineering (Wuhan Open University), Wuhan 430079, China;
2. Changjiang Waterway Bureau, Wuhan 430023, China; 3. School of Navigation, Wuhan University of Technology, Wuhan 430063,
China)

Abstract: The demand for waterway freight volume is influenced by numerous factors. Following the implementation
of the "645" project in the midstream section of the Yangtze River, the navigation conditions have significantly
improved. To better analyze the trend changes in freight volume after the project implementation, this study introduces
a novel model for forecasting waterway freight volume. Initially, the quadratic interpolation method and the KNN
inverse distance weighting interpolation method are employed to address issues of inconsistency in time granularity and
missing data in high-dimensional panel data. By utilizing hierarchical clustering and the interpretability of SHAP
values, key influence factor feature sequences are comprehensively screened to reduce the dimensions and scale of
input data for the forecasting model. The introduction of the Halton low-discrepancy sequences and the Quasi-
Reflective Bayesian Learning (QRBL) strategy substantially enhances the optimization efficiency of the Tuna Swarm
Optimization (TSO) algorithm, improving the TSO algorithm's optimization effectiveness of hyperparameter
combinations, such as the number of decision trees, the depth of decision trees, and learning rate in the eXtreme
Gradient Boosting (XGBoost) model that determine the model's fitting ability. The results indicate that the new model
significantly outperforms comparative models in forecasting accuracy, demonstrating better applicability for waterway

freight volume forecasting under the influence of multiple feature factors.

Key words: Tuna Swarm Optimization (TSO); eXtreme Gradient Boosting (XGBoost); waterway freight volume
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