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Abstract 
 

Precise forecast of energy consumption demand is difficult because of its rapid growth, however, it is considered 
vital for energy planning, development mechanism and economic success. In this study, a Bayesian statistical 
technique is applied to a dynamic linear model to predict a complex energy consumption demand problem. The time 
series considered is a real case of nonlinear, non-stationary household energy demand data. The forecast is generated 
from the marginal posterior distribution of all the predictants of the proposed model. The forecast result is tested and 
compared with actual data and two alternate models. Bayesian dynamic leaner model has proven to be efficient, and 
possess the capacity to estimate values of uncertain parameters of large scale combinatorial problems. Test results 
indicate that Bayesian model can be preferred over the classical artificial neural networks and the statistical model 
due to better capacity to solve multi-dimensional forecasting problems.  

 
Keywords: Energy consumption, demand, Bayesian dynamic linear model. 
 
1. Introduction 
The ability to learn energy consumption demand is of vital importance to many companies in developing countries. 
Energy prediction leads to a cost effective and efficient energy planning such as energy planning, production 
mechanism and distribution. Central to any energy planning and control system is the statistical forecast. There are a 
large variety of forecasting techniques available, ranging from a simple moving average to more sophisticated 
techniques such a Box Jenkins and classical artificial neural network models. Statistical technique such as regression  
models are often used to predict random demand for products, but the prediction process works well if the Bayesian 
statistical technique is applied to a statistical model. This article presents a technique based on application of 
Bayesian techniques on Statistical Model with particular emphasis to forecast a time series of energy consumption 
demand where data pattern changes annually and show nonlinear trends. The model developed also illustrated the 
influence of the energy input variables in the prediction. This is a fundamental progress with respect to classical 
statistical method. The effectiveness of the Bayesian model is tested and compared with the actual data and the 
forecast results produced by a classical artificial neural network (ANN) and an ordinary multiple regression model.  

 
There are many approaches considered for forecasting electricity demand, including multiple regression models [1-
2],  time-varying splines [3]), artificial neural networks [4]. Bayesian method is increasingly applied to many 
complex forecasting processes, researches and applications. Although it is a widely known statistical modeling 
approach, the Bayesian method has been used much less frequently for forecasting electricity demand [5]. The 
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Bayesian model has the advantages over existing (statistical) forecasting techniques due to the ability to react due to 
any changes, adjustments and new occurrences outside of the routine model. For example, if there is a change in the 
(electricity consumption) demand due to various reasons, such as acquisition of new customers, or government 
policy for further urbanization, or natural disasters, the subjective view can be incorporated in the model by the 
experts’ judgment about the situation. Thereby, override can be made to make the adjustment of the intervention. 
When time series shows significance changes (alterations) in their (general) pattern, other models can have difficulty 
in picking up the change, thereby, cause higher level of forecast errors and variances. Since the Bayesian model 
captures these changes better than other models, it significantly reduces the variances, and the forecast errors. 
 
In most cases, Bayesian inference requires numerical approximation of analytically intractable integrals [6]. 
Bayesian inference provides the estimation of the values of the unknown model parameters using some prior beliefs 
of the parameters in which the prior beliefs are often expressed with the probability density functions. In order to 
forecast applying Bayesian techniques, the investigators require specifying a number of subjective choices some of 
which are determined through the iterative processes. The Bayesian model requires a prior belief about the test 
parameters before data are collected. The choices of prior density models for the parameters of the Bayesian models 
have limited effect in determining the values of the posterior parameters. An equally likely prior density function, 
known as flat prior, can be used for all parameters; however, alternative priors are often used for producing different 
posterior distributions for the test parameters. A computational advantage of the Bayesian approach is the ability to 
take into account of the uncertainty of parameters in the model [7]. The preference of Bayesian modeling can be 
perceived over classical ANN methods by the capacity and efficiency to solve multi-dimensional problems. One can 
find more subjective choices are essential in classical ANN model than Bayesian models.  
 
This paper is organized as follows. Section 2 discusses background of Bayesian methods. Section 3 discusses the 
development of Bayesian model using a real time series data. Section 4 compares the resulting forecast of Bayesian 
models with that of classical ANN model and identifies the effectiveness of the models. Section 5 presents the 
concluding remarks and discusses. Appendix presents pseudo code for the Bayesian model. 

 
2. Bayesian Forecasting Method 
Bayesian statistical inferences can be used for estimation of unknown model parameters using a combination of 
prior knowledge and observed data to establish a probability distribution, known as the posterior, to describe the 
updated parameters in the model. In the application of the Bayesian methods, the values of unknown model 
parameters, θ: (θ 1,. . ., θp ) are expressed with probability density functions, f(θ), based on (experts’) prior beliefs 
before collecting any new data. The dependence of observations X= (x1,. . ., xt) on model parameters θ can be 
expressed as the probability density function as L(X|θ), which is often referred to as the likelihood function. The 
prior probability density functions are modified by the likelihood function as the new data becomes available and 
yield to the posterior distribution function. Using Bayes’ theorem, updating is performed as: 
       𝑓(𝜃|𝑋) =  𝑓(𝜃)𝐿(𝑋|𝜃)

∫ 𝑓(𝜃)𝐿(𝑋|𝜃)𝑑𝜃𝜃
                 (1) 

where π(θ|X) is called the posterior distribution and expresses the probability of the parameters after observing new 
data.  Once the posterior distribution is available, any features of θ, such as the marginal distributions or means and 
variances of the individual parameter θi, as well as the predictive distribution of future observations, require 
integrating over the posterior distribution. For example, the marginal posterior distribution of an individual θi can be 
calculated as 𝑓(𝜃|𝑋) =  ∫ 𝑓(𝜃|𝑋)𝜃−1

𝑑𝜃, where θ-1 represents all θ’s except θi [13]. Therefore, the forecast results in 
the Bayesian models is expressed by the expectation of a function of interest, f(θ|X), evaluated over the posterior 
distribution as 

     𝐸(𝑓(𝜃|𝑋) =  ∫ 𝑓(𝜃|𝑋)𝑓(𝜃)𝑑𝜃𝜃−1
                (2) 

where E denotes the expectation operator.    
 
In scientific inference, the limitation of Bayesian methods is the analytical solutions for the required integrations 
over the likelihood and the prior density functions. For Bayesian inference, limited combinations of closed form 
integrals for demand model and the conjugate prior probability functions were available. For most nonlinear and 
high-dimensional models, the inability to solve such integrals made the implementation of Bayes theorem 
increasingly difficult. However, the advent of technology, software and the development of several methods made 
the complex integrals performed to make the posterior Bayesian inference. Bayesian parameter estimation method 
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now can be applied when the closed-form solution to a function is not available [6]. It is required to use the 
sampling based approaches, particularly the Markov Chain Monte Carlo (MCMC) method and Gibbs Sampling, to 
solve this type of problem. Recent improvement in sampling-based MCMC methods played a significant role in 
demand forecasting through Bayesian statistical application. There are many discussions of Bayesian statistical 
models available in literature. Gelman et al. [13] provided that if the observed data are sufficiently informative, the 
posterior distribution will be sharp enough to yield reasonably precise predictions. The learning follow the  
 

 Initialization the dataset 
 Selection of  a dynamic linear model, includes all input variables 
 Random selection of the prior following a probability (normal) distribution 
 Stimuli iteration through the MCMC process 
 Parameter update using the Equations (1) and (2) 
 Collection of the 5000 trajectory from the posterior distribution 

 
3. The Case Study 
A real time series data of household electricity demand presented by Azadeh and Faiz [14] is used to develop the 
Bayesian model, and compare. Generally, electricity demands are lumpy and greatly varying over the seasons. 
Traditional forecasting methods are not appropriate to predict such demand that has rapid growth and large 
fluctuations. The application here is to observe the performance of Bayesian model, comparing the forecast of 
classical ANN, and ordinary dynamic linear methods.  
 
The household electricity demand is integrated with five input variables, (i) electricity prices, (2) TV price index, (3) 
refrigerator price index, (4) urban household size, and (5) urban household income. The household electricity 
demand is a function of input variables, f(x1, x2, …x5), where x1, x2, …x5 is assigned to each input variable. The time 
series dataset from 1974 to 1995 are used for developing the forecasting models and dataset from 1996 to 2003 are 
used to test the efficiency of the models and compare.  
 
The flexibility of Bayesian methods are the capacity to use non-static parameters and accessibility to insert new data 
(or information) into the model as it appears enable the estimation process to improve continuously. Bayesian 
approaches combine the observed data and the uncertainty of the unknown parameters to provide posterior 
information. The focus here is to get the posterior or marginal probability 𝑓(𝜃|𝑋) based on the likelihood 
𝐿(𝑋|𝜃)𝑓(𝜃) and the observed data. The model relationship with the input variables are with ci for i = 1, …, 5 as 
constant. The training model for period (t; from 1973 to 1995) is expressed as follows:   

 
f(x1, x2, x3, x4, x5)= Normal (μ[t], τ)  

where μ[t]= α + c1 x1(t) + c2 x2(t)  + c3 x3(t)  + c4 x4(t) + c5 x5(t), and τ is the precision, reciprocal of variance. 
 

In Bayesian methods when prior information are not available, a common approach is to apply highly diffused 
probability distributions as the non-informative prior, such as Normal distribution with mean 0 and inverse of 
variance 104–108. Initially little knowledge is available about the coefficient of the input variables (p1, p2, . . ., p5). 
The Normal (0, 104 ) is assumed as the prior distributions for each of these coefficients [Appendix A]. The 
parameter τ follows a chi squared distribution with one degree of freedom. The coefficients of the input variables are 
estimated based on the likelihood function using dataset from 1973 to 1995 and the prior distributions. After 
deriving the values for each of the coefficients (b1 to b5), instead of using the static values, the model uses the 
dynamic form of the parameters to forecast. The forecast for the period (t; from 1996 to 2003) is expressed as 
follows:  

f(x1, x2, x3, x4, x5)  = Normal (μ.new [t], τ); 
where μ.new (t) = α + c1.new x1(t) + c2.new x2(t) +c3 .new x3(t)+ c4 .new x4(t)+ c5.new x5(t) and ci.new = Normal (ci [t], τ1), for 
𝑖 𝜖 (1, 5). The choice of prior distribution is followed by [2, 8].  
 
In the Bayesian model, given the time series data, a Monte Carlo Markov chain (MCMC) is constructed using the 
Gibbs sampler algorithm for conducting posterior inference of Bayesian model through simulation. The summary 
statistics such as mean, median, standard deviation and Bayesian confidence intervals for each parameter are 
estimated using the MCMC samples from the posterior distributions in Bayesian procedure. The sample mean, 
standard deviation (SD) along with 95% confidence level are reported in Table 1. 
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Table 1: Estimate of the Parameters 

 

 
Mean SD 2.50% Median 97.50% 

α 4.325 31.72 -56.98 4.232 66.72 

x1 143.9 128 -97.66 143.1 398.2 

x2 -0.6189 122.6 -302 11.43 214.1 

x3 78.03 106.6 -130.6 77.51 283.6 

x4 229.5 151 -40.06 220.9 552.3 

x5 108.5 109 -102.2 107.6 319.2 
 
4. Bayesian Results and Model Comparison 
Bayesian approaches are the preferred methods capable to model nonlinear and non-stationary time series demand. 
Using the parameters values presented in Table 1 and the corresponding density functions, the forecast obtained by 
posterior density function. In Figure 1, the Bayesian model is tested with actual data and compared with classical 
ANN forecasts.  A result of classical ANN is borrowed from Azadeh and Faiz [9]. The resulting forecast obtained 
from Bayesian model is on last eight years for the period 1996 to 2003 and compared with the classical ANN. The 
estimates obtained by the Bayesian SLM is the differences between the mean of the sampled values (the estimate of 
the posterior mean for each parameter) and the true posterior mean [15]. Forecast by ordinary multiple regression 
method is not comparable with Bayesian model and Classical ANN.   
 
A public domain software package WinBUGS [17] is used to generates feasible posterior samples via MCMC 
simulations in minimum computational time. The convergence of the MCMC algorithm is checked by the ANOVA 
based-method integrated in Win BUGS [15]. The expected trajectory of annual averaged of the posterior sample has 
been used as the Bayesian forecast. A posterior sample of 5000 predicted trajectories has been collected and 
compared to actual data and classical ANN prediction.  
 
 

 

 

Figure 1: Household Electricity Demand Forecast Using Bayesian Model 

The results of the both models were impressive and closely emerged. However, Bayesian model appears to be 
flexible, comprehensive, and accessible in consolidating experts’ judgment about future demand and observed data 
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to predict the future. The results derived by Bayesian model has marginally edged over ANN model, suitable for 
enterprise forecast practices. 
 
This study also validated the forecasting results obtained by Bayesian model, classical ANN, and ordinary RM with 
respect to actual data shown in Table 2. Numerical values of the forecasts show that the Mean Square Error (MSE), 
Mean Absolute Percentage error (MAPE), and Mean absolute error (MAE) of Bayesian model is less than that of 
classical ANN model, and both models are significantly superior to ordinary multiple regression (OMR) model. 
 

Table 2: Predictive Performance Comparison 
 

 MSE MAPE MAE 

Bayesian 0.0208 0.0335 0.0089 

Classical ANN 0.022 0.0351 0.0108 

OMR 0.1968 0.1339 0.0411 

 
Electricity consumption prediction involves a process that is capable to fit a rapidly increasing time series with 
minimal data points. The precision in predicting electricity demand are of keen interests in every business. Accurate 
prediction is indispensable for energy sector operations management in order to harmonize business functions. The 
model presented in this paper uses existing energy consumption and other energy input variables such as electricity 
price, household electric appliances, and urban conditions through a stochastic simulation process. Energy 
consumption prediction is providing a way to help commercial and residential energy planning, development 
mechanism and economic success at the lowest cost in the shortest time.   

 
5. Conclusion 
Managing demand and planning for products such as electricity demand, gasoline, and industrial energy usages are 
of special interests. Forecasts of such rapidly grown demand have become increasingly complex. Corporate 
management integrates various resource portfolios such as planning, production, purchasing, and bidding strategies 
with products demand forecast to maximize profit and minimize risks.  
 
It is widely recognized that the judgment-based forecasting procedures are not adequate to draw a fair forecast 
conclusion. In contrast, simply replacing the management judgment about future occurrences with advanced data 
extrapolation methods with no judgmental input is also unrealistic. Appropriate forecast software, its user-
friendliness, and the capacity to precise prediction had been issues to forecast practitioners. In many cases, 
practitioners do not follow the development of concurrent software and technological advancement. In light of 
current practices, both Bayesian approaches methods have appeared to be suitable for the enterprise forecasters. 
There is a handful of forecasting methods capable to predict rapidly grown and large fluctuating demand. This paper 
presented a frame work for application of Bayesian statistical technique on Dynamic Linear Model with an 
illustrative problem of predicting household electricity demand in a developing region.  
 
Software package for the application of Bayesian statistical techniques are mostly open sourced. It has been 
perceived these software are user friendly, easier to implement in complex model applications and capable to 
combine experts’ judgment with observed sale data in the modeling process to find the best forecast solutions.  
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