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Just-in-time Learning Energy Consumption Predictive Modeling Method in Multi-
condition Production Process

Abstract

Abstract: Aiming at the problem that the global energy consumption prediction model is only suitable for
part of the prediction sample and the model is computationally intensive, the idea of just-in-time learning
is introduced, and the local weighted partial least squares method combined with the energy
consumption model is used to establish a temporary local energy consumption prediction model. The
inertia weights of the particle swarm algorithm are improved, considering the effects of particle fitness,
number of iterations and population size on the convergence speed and convergence accuracy of the
particle swarm algorithm, a nonlinear change adaptive inertia weight strategy is proposed, and the
improved adaptive PSO(APSO) is used to optimize the bandwidth parameters of historical samples in the
offline computing stage, then the local model is updated online when the predicted samples are available.
Considering the prediction error caused by the different energy consumption of the samples under
different working conditions in multi-working condition production scenarios, and increasing the
measurement process of working condition similarity, an APSO-JITL-CLWPLS energy consumption
prediction modeling method combining local weighted partial least squares algorithm and K-means
algorithm is proposed, and the bandwidth parameters of the predicted samples are designed by selecting
the historical samples of the same working conditions during prediction. Simulation experiments show
that the algorithm has higher prediction accuracy and can better cope with the multi-working production
scenarios.
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Abstract: Aiming at the problem that the global energy consumption prediction model is only suitable for
part of the prediction sample and the model is computationally intensive, the idea of just-in-time learning
is introduced, and the local weighted partial least squares method combined with the energy consumption
model is used to establish a temporary local energy consumption prediction model. The inertia weights of
the particle swarm algorithm are improved, considering the effects of particle fitness, number of
iterations and population size on the convergence speed and convergence accuracy of the particle swarm
algorithm, a nonlinear change adaptive inertia weight strategy is proposed, and the improved adaptive
PSO(APSO) is used to optimize the bandwidth parameters of historical samples in the offline computing
stage, then the local model is updated online when the predicted samples are available. Considering the
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conditions in multi-working condition production scenarios, and increasing the measurement process of

working condition similarity, an APSO-JITL-CLWPLS energy consumption prediction modeling method

combining local weighted partial least squares algorithm and K-means algorithm is proposed, and the

bandwidth parameters of the predicted samples are designed by selecting the historical samples of the

same working conditions during prediction. Simulation experiments show that the algorithm has higher

prediction accuracy and can better cope with the multi-working production scenarios.

Keywords: just-in-time learning; locally weighted partial least squares; clustering; online modeling;

multi-working conditions; bandwidth parameters; energy consumption
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Table 2 Optimization results of four algorithms on standard test functions
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Table 4  Statistical analysis and comparison of prediction error of three algorithms

Sy B BP GLWPLS LWPLS-WKNN APSO-JITL-CLWPLS

Sh=d S8 Ey /W Ey/% Ey /W Eye/% Ey /W Eyy/% Ey /W Ey/%

1 0.490 4 11.9220 2.76 5.290 1.23 4352 1.01 3.642 0.84

2 0.472 8 33.269 0 6.51 26.901 5.27 24.551 481 23.643 4.63

3 0.486 5 9.853 0 2.07 5.324 1.12 4.680 0.98 4.198 0.88

4 0.660 4 24.8470 4.12 13.571 225 13.618 2.26 11.204 1.86

5 0.507 8 10.654 0 2.02 5.280 1.01 5.532 1.05 4.194 0.79

6 0.493 2 50.752 9 8.01 30.615 4.82 30.582 4.82 30.541 481

7 0.556 8 22.268 2 3.96 10.823 1.92 9.930 1.76 8.019 1.42

8 0.7712 24.812 1 3.55 16.501 2.36 15.759 225 14.302 2.05

“FH{E 23.5473 4.13 14.288 2.50 13.626 2.37 12.468 2.16
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