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Abstract: To some extent the existing long-term load-forecasting algorithms have their limitations because the variables
influencing the output of the complex non-linear system are too many to be described. By combining the probabilistic Latent
Semantic Analysis (pLSA) that can cluster random data into respective aspects and content-based collaborative filtering, a
novel load forecasting model based on normalized Gaussian probabilistic latent semantic analysis collaborative filtering is
proposed in order to avoid seeking and describing of the hidden variables mentioned above. Simulating experiments via
MATLAB show that this method gains the advantage in accuracy over neural network and grey prediction.
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Fig. 1 pLSA algorithm sketch
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Fig. 2 Sketch of the probability simplex and a convex region
spanned by class-conditional probabilities

in the aspect model
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filtering)
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Fig. 3 Graphical representation of dependency structure of
the pLSA model to include a rating variable v
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pLSA-based predictive model)
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Gaussian pLSA forecasting model)
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Gaussian pLSA forecasting model)
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5 SEX(Experiments)
5.1 SEX T (Design)
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5.2 SEK 45 B (Results of experiments)
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the model)
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Table 1 Annual load forecasting results for some province using 3 methods and
their relative errors
Fpry 2002 2003 2004
SEFRE 1245.14 1505.11 1820.09
BP 142 2% 1208.25/-2.962  1467.10/-2.525 1777.91/-2.317
Y RER 1221.59/-1.891 1477.05/-1.864 1788.76/-1.721
P UEAR = pLSA  1259.55/1.157 1517.54/ 0.826 1837.98/ 0.983

5.2.2 RSO0 B R M B8 1) 3 W (Influences of
parameters of the model on performance of
the model)
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Fig. 5 MAE and RMS as k has different values

523 A & FE P S5 K (Testing the robustness
of the model)
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Fig. 6 24 h/day load varying trend in some

province after carrying out time-sharing

electrovalence policy

6 %51 (Conclusion)
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