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Abstract: Tank coating is thgl energy consumption unit in shipbuilding enterprises, and energy consumption

prediction is an important task i nt energy efficiency optimization of ships. This paper proposes to use XGBoost
model to analyze the energy,.c t1on of ship tank coating process. SHAP (SHapley Additive exPlanations) method based
the influence of variable factors on accurate target prediction. Particle swarm optimization
(PSO) is used to optimize the super-parameters of XGBoost model, and then PSO-XGBoost is constructed to train and fit the
historical energy consumption data of ship tank coating process. The comparison experiment is conducted with other energy
consumption prediction models. Experiment results show that the prediction error MAPE of energy consumption model of
ship tank coating process based on PSO-XGBoost is only 12.21%, which is better than XGBoost, LR, KNN. RF models.
Keywords: tan coating of ships; energy consumption prediction; SHAP; PSO-XGBoost model
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Fig.1 Research method flow chart
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Fig.2 The distribution of outliers in a dataset
FI3fR T B AR B AR IR REAE -5 H 5 e [ 2R 72 Rl
FIRE RIS DL, WEHINA 8 BB Nsum 5 REAEE R HIHH
RER, AIR0.75, 0.62, REZRTafRE HEE

FEEZ [AHH % B H0.56, 1AL, Ta5HZ E%‘@?‘é(*ﬁ%

FZ43%0.87), HFM, Nc, Ns, T5Ef , WRTa5
HZ AR EM S, B IAR LS F P . Nsum., TafE

R RERE R M AL B

-1.00

Pr M Nf Ne Nd Ns Nsum Ta H r E
A3 2T EZReHRAMEE
Fig.3 Thermodynamic correlation diagram between variables
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