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Abstract: Reliable prediction of building-level energy demand is crucial for the building managers to optimize 

and regulate energy consumption. Conventional prediction models omit the uncertainties associated with 

demand over time; hence, they are mostly inaccurate and unreliable. In this study, a Bayesian neural network 

(BNN)-based probabilistic prediction model is proposed to tackle this challenge. By quantifying the 

uncertainty, BNNs provide probabilistic predictions that capture the variations in the energy demand. The 

proposed model is trained and evaluated on a subset of the building operations dataset of Lawrence Berkeley 

National Laboratory (LBNL), Berkeley, California, which includes diverse attributes related to climate and key 

building performance indicators. We have performed thorough hyperparameter tuning and used fixed-

horizon validation to evaluate trained models on various test data to assess generalization ability. To validate 

the results, quantile random forest (QRF) was used as a benchmark. The study compared BNN with LSTM, 

showing that BNN outperformed LSTM in uncertainty quantification. 

Keywords: bayesian neural network; deep learning; building systems; energy demand; probabilistic 

prediction; time series data 

 

1. Introduction 

Real-time monitoring of building operations has been a key factor in optimizing the energy 

systems in a building to normalize building operation. Traditional energy optimization strategies 

involved real-time anomaly correction, manual scheduling, and experts’ judgement based on the 

specific infrastructure and properties of the building [1]. Data-driven techniques based on machine 

learning have started gaining the attention of building managers because of these techniques’ 

strength in analyzing complex historical consumption patterns, hence providing analytical insights 

to support preventive decision making. Building energy demand data obtained through a variety of 

time-sensitive sensors can be used to anticipate future patterns such as peak demand periods. Hence, 

demand prediction models are becoming increasingly essential for reducing costs, mitigating risks, 

and improving overall operational efficiency [2]. It turns out that prediction models need to be 

carefully designed such that the resulting system will be able to take into consideration different 

historical scenarios in the energy consumption profile and provide insights into the future with 

sufficient accuracy and reliability. It is also helpful for building managers to have a model that 

quantifies uncertainty, enabling them to verify the reliability of the predictions to make more accurate 

decisions. Based on the type of insights a model provides, there are basically two approaches in 

demand prediction models, namely, deterministic approaches and probabilistic approaches.  

Models trained with a deterministic approach provide a precise estimate of the response variable 

by assuming that it has a fixed relationship with predictor variables that generally represents a central 

tendency in the data. Therefore, the goal of a deterministic training approach is to estimate 

relationship parameters (or weights) while minimizing the loss function, which calculates the average 

distance between the observed values and the predicted values. The training process is 
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computationally efficient, and precise predictions can be generated without any additional analysis 

of the model weights. There exist various machine learning-based deterministic prediction models 

for predicting demand that excel in precision, computational efficiency, and simplicity.  

Since electricity and HVAC demands are highly non-linear in nature, a deterministic model is 

expected to capture the non-linearity, hence improving the prediction accuracy for both short- and 

long-term predictions. Deterministic models such as those based on traditional machine learning 

(ML) and deep learning (DL) show significant prediction accuracy for both short-term and long-term 

demand predictions [3–5] focused on the traditional ML-based models such as boosting, random 

forests, and support vector machines for short-term HVAC and electricity demand prediction. The 

results highlight that these types of models are good at generalization on unseen data with less 

training effort. Additionally, [5] proves the superiority of tree-based algorithms over artificial neural 

networks in prediction accuracy. However, conventional ML generally lacks the ability to model 

complex input-output relationships, which is a key advantage in various DL models. Several studies 

have revealed that DL models are better at modeling response variables compared with conventional 

ML, with little preprocessing effort and domain knowledge required. For example, [6–8] proposed 

LSTM, CNN, and gated recurrent unit (GRU)-based models that are accurate in modeling long-term 

temporal dependencies, which are limited through traditional ML. Several studies [9,10] showed 

concern over the limited learning capabilities in simple DL models, hence introducing hybrid DL 

architectures. In a hybrid setting, the advantages of multiple ML- and DL-based models are combined 

in hopes of improving generalization on unseen data with compromises to training time and 

resources. However, models based on a deterministic approach lack representation of the inherent 

uncertainty and its impact on the response variable, which is crucial in many applications, especially 

in demand prediction. Additionally, hybrid deterministic models are far more complex than single 

models, and therefore it is difficult to trace the model’s prediction path. Deterministic DL models are 

often referred to as “black box” models, which means that there is no or limited opportunity to 

interpret the internal weight representation. Deep neural networks excel in prediction accuracy, but 

because of the longer training time it is nearly impossible to experimentally confirm the model’s 

performance over the whole parameter space.  

Many successful prediction models that quantify uncertainty are based on Bayesian learning 

and are referred to as the probabilistic approach to prediction models. Unlike the deterministic 

approach, probabilistic prediction models do not imply a fixed relationship of predictors with the 

response variable. Additionally, the probabilistic approach offers flexibility to a model during 

training by approximating variances and deviations in the data, which makes the model capture 

complex relationships. That is why recent studies have introduced techniques to incorporate 

uncertainty in various deterministic demand prediction models [11–13]. Studies such as [14–19] deep 

dive into the analysis of uncertainty quantification in Bayesian-based DL models, and stochastic 

models are highly precise in predictions and appropriate for decision making. For example, Bayesian-

based LSTM [14] and stochastic models [17] have shown capabilities to predict for the long-term, 

which is beneficial in provisioning the energy management. Bayesian-based models are also capable 

of calibrating the parameters of physics-based energy models [15] and are accurate and highly 

beneficial for simulating large energy models. Bayesian-based models can also be viewed as a special 

case of Gaussian process (GP) models, which are greatly beneficial in modeling complex relationships 

between gas and electricity consumption when trained on relatively smaller time series data [16]. 

Results of another study [18] also indicated that when Bayesian-based models are adopted in 

hierarchical fashion, they result in a robust representation of data across different spatial levels with 

accurate uncertainty quantification. Finally, Bayesian-based neural networks [19] can learn complex 

relationships between variables across different scales of data collection frequencies (Ex. 15-minutes, 

hourly) and spatial levels (Ex. individual or all households in a region). Overall, all studies conclude 

that Bayesian-based models are capable of modeling complex relationships with a variety of 

stochastic variables, with specific attention to uncertainty quantification, which fosters 

communication between the users and the prediction models. Additionally, they also help to avoid 

overreliance on the model predictions and to make risk-aware decisions. Moreover, probabilistic 
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models can represent uncertainty in weight distribution as well as in prediction; therefore, they offer 

high trustworthiness for various demand prediction tasks. 

Electricity and HVAC demand prediction is a challenging task since various external factors 

introduce uncertainty, which is difficult to quantify through a deterministic approach. Therefore, we 

have proposed in this study a Bayesian neural network (BNN)-based probabilistic model for 

building-level electricity and heating, ventilation, and cooling (HVAC) demand prediction. Various 

BNN models are trained on real-world building operations data and are compared against long short-

term memory (LSTM) models with Monte Carlo (MC) dropout, or MC-LSTM. Unlike normal 

dropouts with fixed probability, MC dropout randomly generates a dropout mask during training 

that introduces stochasticity into the model [20,21]. The MC dropout also helps avoid overfitting and 

increases the generalization ability of the LSTM. Our results showed that the BNN-based models 

outperformed the MC-LSTM models, with significant performance improvement in quantifying 

uncertainty and prediction accuracy. The major contributions of this study are listed as follows. 

 A BNN-based model is proposed for hourly prediction of energy demand in a real-world 

building. 

 The impact of various hyperparameters that can affect the uncertainty estimation during 

training are analyzed and presented in a detailed discussion based on various evaluation 

metrics. 

 Fixed-horizon validation is performed using various prediction horizons like 1-day, 1-week, and 

1-month to assess the reliability of short- and long-term predictions. The generalization is also 

assessed by testing models on a full-length test dataset. 

 A comprehensive comparison is performed between BNN and MC-LSTM over the uncertainty 

quantification and prediction accuracy.  

The rest of the content of this paper is organized in the following manner: Section 2 outlines the 

system model by introducing the building parameters, the models under investigation, and the 

benchmarks. Section 3 outlines the dataset, the experiment settings, and a detailed empirical 

comparative analysis on the overall training and validation results. We conclude our study in section 

4. Code can be found at: https://github.com/punarvas/IESL/tree/main/power_forecast (last accessed: 

September 09, 2024).  

2. System Model 

2.1. Introduction to Building Energy System 

Building 59, located inside the campus of Lawrence Berkeley National Laboratory (LBNL), is a 

medium-sized office building with a steel-framed structure and a metal curtain wall exterior [22]. It 

has 10,400 m² of conditioned space spread across four floors, including a lower level for mechanical 

systems, a second level for the National Energy Research Scientific Computing Center (NERSC), and 

two office floors. The building's electrical systems are supplied by two transformers that feed the 

office and the HVAC main switchboards. Electrical systems are metered at the panel level by the 

NERSC for purposes of data center energy consumption monitoring and benchmarking. The two 

main plug load panels, two main lighting panels, and two main HVAC panels are metered using 

General Electric trip units. The two plug and lighting panels serve the north and south wings of the 

two office floors, while the two HVAC panels contain the RTU units, two on each, as well as the 

building elevators. Electrical meter data are accessible through a Grafana web-hosted GUI (Grafana 

Labs 2017) and can be downloaded into CSV files. The building uses a four-pipe chilled water system 

to provide heating and cooling. Chilled water is supplied from a central plant, which houses two 

chillers. The chilled water is then distributed throughout the building to fan-coil units (FCUs) located 

in individual offices and common areas. FCUs use chilled water to cool the space in the summer and 

hot water to heat the space in the winter. The hot water is supplied by two boilers. The building is 

equipped with a mechanical ventilation system that supplies fresh air to the occupied spaces. The 

ventilation system includes rooftop air handling units (AHUs) that draw in outside air and condition 

it before distributing it through the building. The AHUs also exhaust stale air from the building. The 
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electricity that is used in the building is purchased from the local utility company. The building does 

not have its own on-site power generation.  

The electricity demand and HVAC demand are the response variables under investigation. Since 

the building is divided into south and north wings, the electricity and HVAC demands are reported 

separately for each wing. The electricity and HVAC from the south and north wings are added 

corresponding to each timestamp to obtain total demand. Figure 1 visualizes the total demand for 

electricity (top) and HVAC (bottom). 

 

Figure 1. Total electricity and HVAC demand. 

For the sake of our study, each time series was aggregated to an hourly frequency through a 

simple averaging method. Hence, the electricity and HVAC demands are reported in kilowatts per 

Hour (kWh). The time series was manually preprocessed for consistency by imputing missing data 

points within the specified time range that resulted in uniform data. Instead of interpolating missing 

values, the data available from previous timestamps is copied to preserve the natural variations in 

the time series. Log transformation (formula 1) was performed on the electricity and HVAC series to 

reduce variance-related non-stationarity. Z-normalization (formula 2) was performed on all 

predictors including electricity and HVAC to bring them to a common scale. The predicted time series 

was upscaled to the original distribution for evaluation purposes. 

�’ = log(� +  �)  (1) 

�(�’) =  
�’ − �(�’)

�(�’)
 (2) 

Where, �  is original time series, �’  is log-transformed time series with mean µ(�’) and 

standard deviation �(�’), �(�’) is the Z-normalized time series. 

2.2. Bayesian Neural Network for Energy Demand Prediction 

 

Figure 2. Schematic diagram of a BNN. 

As previously discussed, Bayesian learning that uses probabilistic approach in prediction is used 

in most of the models. One of the popular algorithms in probabilistic approaches is the Bayesian 
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neural network (BNN). As its name suggests, BNN is a type of feed-forward neural network with 

each layer capable of estimating uncertainty using Bayesian learning. The uncertainty is defined by 

the probability distribution over the weights and biases of the underlying feed-forward neural 

network [23]. During training, the weights and biases are randomly sampled from a normal 

distribution. It should be noted that the uncertainty is estimated at each hidden layer of the neural 

network, i.e., Bayesian layer. During prediction, the weights from the trained probability distribution 

are sampled and results are averaged through multiple forward passes. 

Given that probability distribution is approximated at each hidden layer, using the traditional 

way of Bayesian learning is intractable due to the large number of parameters (i.e., parameter space) 

in a neural network. This problem worsens when the dataset is huge, and the neural network has a 

complex structure. Mathematically, the integrals of the Bayes equations become intractable to solve 

as the parameter space grows in a neural network. To address this problem, variational inference can 

be used, which makes the posterior approximation computationally feasible [24]. The idea is to 

present a prior belief about the data, which is represented by a distribution from a variational family 

�(�). This distribution has some parameters, for example mean and standard deviation (normal 

distribution), which are then optimized to obtain a posterior distribution �(�|�, �) such that the 

Kullback-Leibler (KL) divergence between these two distributions is minimized. All the BNN models 

in this study have assumed Gaussian prior distribution for the electricity and HVAC demand time 

series. Based on that, KL divergence is given by [REF-AQI]: 

��[�(�)||�(�|�, �)] = log �
��

��
� +

��
� + ��� − ���

�

2��
� − 0.5  (3) 

The key advantage of variational inference is that it offers an opportunity to explore possible 

types of priors to approximate the posterior distribution. However, selecting the best prior 

distribution for a dataset is challenging.  

2.3. Quantile Regression and Evaluation Metrics 

Traditional regression models approximate the central tendency of a response variable. It is often 

a useful technique, but it may not capture the entire data distribution accurately, especially when the 

target variable has high variance, i.e., significant outliers. Quantile regression can effectively handle 

the high variance in the data by estimating the conditional quantiles of the target variable. This means 

that we can develop a model for different sections of a distribution, which can provide a highly 

comprehensive understanding of the relationship between different variables. The quantile 

regression technique is robust to outliers. In this study, we use quantile random forest (QRF) [25,26], 

which combines the strength of quantile regression and random forest. It works in a similar fashion 

to a regular random forest, with each tree estimating the distribution of the response variable at the 

leaf node. The quantile distribution from all trees is combined to obtain a final quantile distribution. 

The results of the QRF-based models were used as a benchmark for this study due to the dataset's 

unique characteristics.  

To evaluate the predictions of various models, a set of probabilistic and deterministic evaluation 

metrics is used that evaluates a model for uncertainty quantification and prediction accuracy, 

respectively. In the following section, various components of the evaluation metrics are denoted as 

follows: � is the index of the values where � =  1, 2, 3, … , � and N is total number of samples. �� is 

the �th observed value and ��� is the �th predicted value. �� and �� are the �th lower bound and 

upper bound values of the prediction interval, respectively. ����� is the cumulative distribution 

function (CDF) of the predicted distribution and 1��� ≥ �� is the CDF of the observed distribution.  

This study used four probabilistic evaluation metrics to evaluate the models for uncertainty 

quantification as follows: 

 Prediction Interval Coverage Probability (PICP): PICP measures the proportion of the observed 

values that fall within the estimated prediction interval, i.e., the reliability of the predicted interval. 

The higher the PICP value, the more reliable the predictions. It is calculated as follows: 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 September 2024                   doi:10.20944/preprints202409.2211.v1

https://doi.org/10.20944/preprints202409.2211.v1


 6 

 

���� =  
1

�
� 1(�� ≤ �� ≤ ��) (4) 

 Continuous Ranked Probability Score (CRPS): CRPS evaluates the accuracy of the predicted 

probability distribution, unlike other deterministic metrics, which measure the difference between 

actual values. Hence, it is defined as the integral of the squared difference between the CDF of the 

predicted distribution and the CDF of the observed distribution. Low CRPS indicates that both 

distributions are close to each other. It is calculated as follows: 

����(�, �) =  � ��(�) − 1��� ≥ ���
�

 ��
�

��

 (5) 

 Mean Prediction Interval Width (MPIW): MPIW measures the average width of the prediction 

interval. Hence, a higher MPIW means a wider prediction interval, which indicates higher 

uncertainty. MPIW should be evaluated along with PICP to accurately judge uncertainty while 

making sure more true values are covered within the predicted interval. Overconfident models 

usually have lower PICP and lower MPIW. MPIW is calculated as follows: 

���� =  
1

�
�(�� − ��)

�

���

 (6) 

 Negative Log-Likelihood (NLL): NLL calculates the likelihood of the observed values given the 

predicted probability distribution by a model. It is useful in scenarios where the goal of the model is 

to predict the probability of possible outcomes. Therefore, it evaluates how well the predicted 

distribution matches the observed distribution �(�|�) given the model’s weights � and penalizes 

the incorrect or uncertain predictions. Lower NLL indicates that it has assigned higher probability to 

the observed values, i.e., good uncertainty estimation. It is calculated as the negative natural 

logarithm of the likelihood of the observed values under the predicted probability distribution, as 

follows: 

��� =  −log (�(�|�)) (7) 

Alongside the probabilistic evaluation metrics, three deterministic evaluation metrics are used 

to evaluate the models for prediction accuracy. 

 Mean Absolute Error (MAE): MAE provides the average error of absolute difference between 

predicted and observed values in their original scale. It is highly interpretable and provides how 

much on average the predicted values deviate from the observed values regardless of its direction. It 

is calculated as follows: 

��� =  
1

�
����� − ���

�

���

 (8) 

 Root Mean Squared Error (RMSE): RMSE measures the square root of the average of squared 

differences between the observed and predicted values. Unlike MAE, RMSE penalizes larger errors; 

hence, it is sensitive to outliers. If the penalty is high, the RMSE will be higher. Therefore, from the 

prediction point of view, higher RMSE is also helpful to estimate outlier frequency in the predictions. 

It is calculated as follows: 

���� =  �
1

�
�(��� − ��)

�

�

���

 (9) 

 Mean Absolute Percentage Error (MAPE): MAPE measures the average percentage error between 

the predicted and observed values. Alongside MAE and RMSE, MAPE provides additional insights 

into the frequency of the prediction errors in terms of the percentage for the overall population. It is 

calculated as follows: 
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���� =  
1

�
� �

��� − ��

��

�  X 100

�

���

 (10) 

3. Numerical Results 

3.1. Dataset of the Building Energy Demand 

In this study, a subset of the 3-year building operations performance dataset for Building 59 [22] 

was used to train and evaluate various models for predicting electricity and HVAC demand. In 

addition to selected time series features from the dataset, several temporal features were derived that 

contribute during the training process. The selected time series originally had multiple missing data 

points. We already know that the data are aggregated on an hourly frequency for this study. This 

section outlines the general information on the dataset along with detailed preprocessing steps. 

Each time series in the final dataset ranges from 2018-01-01 (1:00) to 2020-12-31 (7:00) and has 

exactly 26,287 hours of data. The following detailed preprocessing steps were carried out to obtain 

the final dataset: 

1. First, an index of timestamps from 2018-01-01 to 2020-12-31 is created and each time series is 

joined to its corresponding timestamp. This process reveals missing timestamp entries.  

2. For each time series, the missing values are filled by copying the value from the previous hours 

to preserve the long-term variability in the data, which might get hindered if missing values are 

imputed with series mean or median. 

3. Features such as season and weekend status are derived from the timestamp since usage in the 

electricity and HVAC are varied throughout weekends and seasons in California.  

4. Event in progress is derived from the timeline of the maintenance and environmental events 

reported in the dataset description [3]. Duty status is derived from the building’s work hours 

found on LBNL’s official website.  

5. Autocorrelation analysis is performed for the electricity and HVAC time series to quantify the 

dependency of the current timestamp on that of the previous timestamp. Analysis reveals a 

strong correlation of each time series with its 24-hour and 168-hour lagged value.  

6. Binary variables and categorical variables are transformed to one-hot encoded vectors, which 

eases the learning process.  

7. Original statistical properties such as mean and standard deviation are stored separately for later 

use for the response variables of electricity and HVAC. Log-transformation and Z-normalization 

are performed on the electricity and HVAC time series. 

Table 1 shows the variables in our final dataset used for training and validation. Figure 3 shows 

the data distribution of response variables before and after the preprocessing. 

Table 1. Variables in the final dataset 

Variable name Type Brief description 

Timestamp Date & time Reference index for datapoints. This value 

is not used during training and evaluation 

of any model. 

Season Categorical Season of the year (spring, summer, 

autumn, winter) 

Weekend status Binary True if current timestamp belongs to a 

weekend (Saturday and Sunday) else False 

Duty status Binary True if the current timestamp belongs to 

the working hours of NBNL (8:00 to 17:00) 

else False 

Event in progress Binary True if there is an ongoing building 

maintenance or extreme 

weather/environment event 
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Interior zone 

temperature 

Continuous Average interior temperature of each office 

zone on the ground and second floor 

Solar radiation Continuous  Active solar radiation nearby the office 

building 

Relative humidity Continuous Relative humidity nearby the office 

building  

Air temperature Continuous Observed air temperature  

Wind speed Continuous Observed wind speed 

Electricity Continuous Averaged electricity load across ground 

and first floor of the office building 

HVAC Continuous Averaged HVAC load across ground and 

first floor of the office building 

 

 

Figure 3. Data distribution HVAC (top) and electricity (bottom) time series before and after 

preprocessing (right to left). 

For complex models such as BNN and MC-LSTM, providing a maximum number of examples 

will avoid overfitting as well as improve the generalization ability. Since maximum possible 

examples are provided during training, these models will be able to precisely represent the variability 

and inherent noise in the dataset. Hence, all models were trained on the approximately 2 years and 6 

months of training dataset and evaluated on 6 months of test dataset. Additionally, a larger training 

dataset could also provide more insights into the unique characteristics of the Building 59 dataset, 

allowing for more accurate conclusions. This study also evaluates the performance of BNN and MC-

LSTM for their short- and long-term predictions through a fixed-horizon validation technique, in 

which models are evaluated on multiple varying-length test datasets, namely, 1-day, 1-week, and 1-

month. For understanding the effect of training configuration on model performance, 

hyperparameter tuning in terms of batch size and learning rate was performed and evaluation results 

were reported for each size of test dataset. All models were trained on two thousand epochs and 

optimized using an Adam optimizer with an exponential learning rate scheduler to adapt the 

learning rate dynamically throughout the long-term learning process, which further avoided local 

minima. Negative log-likelihood loss (NLL) was used as a loss function during training of BNN-

based models. 

3.2. Training and Evaluation 

This section outlines the results of the systematic training and evaluation process for QRF, MC-

LSTM, and BNN. A detailed comparative analysis on the results is outlined in section 3.3. 
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3.2.1. QRF-Based Models 

Table 2 shows the summary of evaluations of QRF-based electricity and HVAC models. 

Table 2. Performance summary of quantile regression forest. 

Model Period 
Test metrics 

PICP↑ MPIW↓ MAE↓ RMSE↓ MAPE↓ 

HVAC 

1-day 0.57 1.24 0.61 0.82 0.17 

1-week 0.48 1.18 0.77 1.03 0.14 

1-month 0.49 1.43 0.90 1.20 0.23 

Electricity 

1-day 0.82 14.74 4.20 6.43 0.07 

1-week 0.60 17.08 7.77 10.49 0.08 

1-month 0.70 16.37 6.14 9.30 0.10 

Figure 4 shows the corresponding visualizations for the best results.  

 

 

 

(a) 
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(b) 

Figure 4. Time series visualization of (a) day, week, and month HVAC prediction (top to bottom), (b) 

day, week, and month electricity prediction (top to bottom). 

3.2.2. LSTM-Based Models 

Tables 3 and 4 show the summary of evaluation of the MC-LSTM-based HVAC and electricity 

models, respectively. Corresponding time series visualizations for the best results can be found in 

Appendix A.1. 

Table 3. Performance summary of MC-LSTM for predicting HVAC demand. 

Prediction 

horizon 

Batch 

size 

Learning 

rate 

Test metrics 

PICP↑ CRPS↓ MPIW↓ NLL↓ MAE↓ RMSE↓ MAPE↓ 

Day 

64 
0.001 0.58 0.07 5.03 17.35 3.45 4.80 0.09 

0.0001 0.79 0.03 4.48 -1.29 1.33 1.87 0.04 

128 
0.001 0.88 0.03 8.19 -1.55 1.31 2.11 0.03 

0.0001 0.75 0.03 4.36 -1.16  1.71 2.05 0.04 

Week 

64 
0.001 0.53 0.11 5.68 9.09 4.86 7.18 0.12 

0.0001 0.72 0.04 4.98 0.26 2.03 2.95 0.05 

128 
0.001 0.83 0.05 8.41 -0.34  2.70 3.98 0.07 

0.0001 0.59 0.05 5.17 1.63 2.56 3.35 0.07 

Month 

64 
0.001 0.53 0.12 6.42 10.73 4.69 7.61 0.13 

0.0001 0.64 0.07 5.31 5.39 3.06 5.15 0.09 

128 
0.001 0.81 0.08 10.69 0.96 3.57 5.31 0.10 

0.0001 0.59 0.07 5.29 3.35 3.17 5.15 0.09 

Table 4. Performance summary of MC-LSTM for predicting electricity demand. 

Prediction 

horizon 

Batch 

size 

Learning 

rate 

Test metrics 

PICP↑ CRPS↓ MPIW↓ NLL↓ MAE↓ RMSE↓ MAPE↓ 

Day 

64 
0.001 0.29 0.86 3.39 84.64 4.37 7.33 2.51 

0.0001 0.92 0.16 2.34 0.35 0.44 0.60 0.24 

128 
0.001 0.79 0.18 2.19 0.44 0.51 0.65 0.28 

0.0001 1.00 0.12 2.50 -0.04 0.30 0.38 0.15 

Week 

64 
0.001 0.54 0.54 3.23 31.51 2.64 5.43 1.27 

0.0001 0.91 0.17 2.29 0.23 0.45 0.63 0.22 

128 
0.001 0.88 0.18 2.08 0.54 0.51 0.72 0.25 

0.0001 0.98 0.14 2.48 0.10 0.38 0.52 0.19 

Month 64 
0.001 0.50 0.50 3.01 29.95 2.23 4.34 1.05 

0.0001 0.82 0.23 2.39 0.67 0.68 0.98 0.27 
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128 
0.001 0.77 0.25 2.17 0.92 0.76 1.12 0.29 

0.0001 0.87 0.23 2.52 2.02 0.78 1.65 0.28 

3.2.3. BNN-Based Models 

Tables 5 and 6 show the summary of tests on BNN-based HAC and electricity models, 

respectively. Corresponding visualizations for the best results can be found in Appendix A.2. 

Table 5. Performance summary of Bayesian neural network for predicting HVAC demand. 

Prediction 

horizon 

Batch 

size 

Learning 

rate 

Test metrics 

PICP↑ CRPS↓ MPIW↓ NLL↓ MAE↓ RMSE↓ MAPE↓ 

Day 

64 
0.001 1.00 0.06 34.50 -0.48 2.16 2.72 0.06 

0.0001 1.00 0.05 28.46 -0.74  2.02 2.51 0.05 

128 
0.001 1.00 0.04 20.93 -0.99 1.74 2.37 0.04 

0.0001 1.00 0.08 48.28 -0.23  2.28 3.11 0.06 

Week 

64 
0.001 1.00 0.08 35.07 -0.39 3.51 4.59 0.09 

0.0001 0.99 0.07 31.34 -0.54  3.21 4.45 0.08 

128 
0.001 0.99 0.06 24.19 -0.75 3.47 5.17 0.08 

0.0001 1.00 0.10 49.26 -0.13 3.84 5.22 0.10 

Month 

64 
0.001 0.99 0.09 36.12 -0.30 3.87 5.22 0.11 

0.0001 0.99 0.08 34.61 -0.39 3.35 4.70 0.10 

128 
0.001 0.99 0.07 27.42 -0.61 3.15 4.66 0.09 

0.0001 1.00 0.10 51.00 -0.08 3.45 4.82 0.10 

Table 6. Performance summary of Bayesian neural network for predicting electricity demand. 

Prediction 

horizon 

Batch 

size 

Learning 

rate 

Test metrics 

PICP↑ CRPS↓ MPIW↓ NLL↓ MAE↓ RMSE↓ MAPE↓ 

Day 

64 
0.001 1.00 0.17 3.65 0.23 0.50 0.63 0.27 

0.0001 1.00 0.15 2.90 0.12 0.42 0.51 0.22 

128 
0.001 1.00 0.17 3.56 0.26 0.50 0.62 0.25 

0.0001 1.00 0.16 3.80 0.26 0.42 0.51 0.23 

Week 

64 
0.001 1.00 0.16 3.28 0.20 0.44 0.54 0.23 

0.0001 1.00 0.15 2.79 0.12 0.41 0.52 0.21 

128 
0.001 1.00 0.16 3.21 0.21 0.42 0.55 0.20 

0.0001 1.00 0.16 3.61 0.26 0.42 0.52 0.22 

Month 

64 
0.001 0.92 0.22 3.37 0.49 0.68 0.93 0.30 

0.0001 0.92 0.22 2.94 0.46 0.68 0.93 0.29 

128 
0.001 0.93 0.21 3.25 0.47 0.65 0.92 0.27 

0.0001 0.98 0.22 3.76 0.48 0.70 0.94 0.30 

3.3. Comparative Analysis 

In this section, a thorough comparison of the performance metrics of the MC-LSTM-based and 

BNN-based HVAC and electricity models is performed. The comparison prioritizes the uncertainty 

quantification in both the variants over the deterministic prediction evaluation metrics. 
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Tables 7 and 8 show comparisons of the HVAC and electricity models alongside the benchmark 

results. For ease of comparison, we have highlighted the best metrics in bold. 

Table 7. Empirical comparison of the QRF, BNN, and MC-LSTM for HVAC models. 

Prediction 

horizon 
Variant 

Test metrics 

PICP↑ CRPS↓ MPIW↓ NLL↓ MAE↓ RMSE↓ MAPE↓ 

1-Day 

QRF 0.82 - 14.74 - 4.20 6.43 0.07 

BNN 1.00 0.04 20.93 -0.99 1.74 2.37 0.04 

MC-LSTM 0.88 0.03 8.19 -1.55 1.31 2.11 0.03 

1-Week 

QRF 0.60 - 17.08 - 7.77 10.49 0.08 

BNN 1.00 0.10 49.26 -0.13 3.84 5.22 0.10 

MC-LSTM 0.83 0.05 8.41 -0.34  2.70 3.98 0.07 

1-Month 

QRF 0.70 - 16.37 - 6.14 9.30 0.10 

BNN 1.00 0.10 51.00 -0.08 3.45 4.82 0.10 

MC-LSTM 0.81 0.08 10.69 0.96 3.57 5.31 0.10 

Table 8. Empirical comparison of the QRF, BNN, and MC-LSTM for electricity models. 

Prediction 

horizon 
Variant 

Test metrics 

PICP↑ CRPS↓ MPIW↓ NLL↓ MAE↓ RMSE↓ MAPE↓ 

1-Day 

QRF 0.57 - 1.24 - 0.61 0.82 0.17 

BNN 1.00 0.15 2.90 0.12 0.42 0.51 0.22 

MC-LSTM 1.00 0.12 2.50 -0.04 0.30 0.38 0.15 

1-Week 

QRF 0.48 - 1.18 - 0.77 1.03 0.14 

BNN 1.00 0.15 2.79 0.12 0.41 0.52 0.21 

MC-LSTM 0.98 0.14 2.48 0.10 0.38 0.52 0.19 

1-Month 

QRF 0.49 - 1.43 - 0.90 1.20 0.23 

BNN 0.98 0.22 3.76 0.48 0.70 0.94 0.30 

MC-LSTM 0.87 0.23 2.52 2.02 0.78 1.65 0.28 

In nearly all the cases, MC-LSTM-based models have outperformed BNN-based models in terms 

of prediction accuracy. This is because of the inherent property of the underlying LSTM to adapt the 

long-term dependencies, especially in the time series dataset. On the other hand, BNN-based models 

have performed excellently in uncertainty quantification, characterized by metrics like PICP, CRPS, 

MPIW, and NLL. In certain cases of short-term electricity predictions (1-day and 1-week), MC-LSTM 

showed the best uncertainty quantification, which indicates that LSTM is suitable for short-term 

predictions. BNN-based HVAC models had the best metrics, which was a key comparison factor 

since the HVAC time series is relatively noisier than the electricity time series. Therefore, it is evident 

that BNN-based models are potentially robust to noisy data. 

Clearly, additional evidence was required to select the best-suited variant for both of the 

response variables since deterministic evaluation metrics on short-term test datasets like 1-day and 

1-week did not provide sufficient information on the model’s generalization capabilities. Long-term 

predictions (1-month and more) provided a general view of the performance metrics because of the 

data volume and variety of examples involved. Performance of the BNN and MC-LSTM variants was 

compared across different prediction horizons using MAPE, which offered an insight into relative 

growth in the prediction error as the size of the dataset grew. From Tables 7 and 8, it can be observed 

that MC-LSTM-based models have gradually introduced more errors into their predictions as the 

length of the prediction horizon increased. To intensify the significance of these errors, the 

performance of MC-LSTM and BNN-based models was outlined for the complete test dataset in Table 

9, which provided a more precise and general measure of the errors and uncertainty estimation. 
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Table 9. Empirical comparison of the select variants and benchmark for electricity models. 

Model Variant 
Test metrics 

PICP↑ CRPS↓ MPIW↓ NLL↓ MAE↓ RMSE↓ MAPE↓ 

HVAC 

QRF 0.67 - 35.26 - 17.17 21.67 0.40 

BNN 0.92 0.20 51.88 0.85 7.06 9.65 0.35 

MC-LSTM 0.54 0.26 11.71 29.08 8.21 11.86 0.45 

Electricity 

QRF 0.53 - 2.43 - 1.07 1.41 0.42 

BNN 0.96 0.21 3.91 0.43 0.67 0.91 0.35 

MC-LSTM 0.74 0.31 2.30 13.18 0.99 1.71 0.50 

From Table 9, it is evident that for a complete test dataset, BNN-based models have 

outperformed MC-LSTM-based models in uncertainty quantification and prediction accuracy. MC-

LSTM also significantly deviated in estimating the posterior distribution of the dataset characterized 

by the NLL and MPIW. It turns out that MC-LSTM-based models were overconfident during long-

term predictions characterized by the PICP. On the other hand, BNN-based models accounted for the 

variations in the full test dataset that did not accurately reflect in the 1-day, 1-week, and 1-month 

evaluations. One potential explanation for why the BNN-based models outperformed MC-LSTM in 

prediction accuracy can be drawn from the model’s complexity, training parameters, and 

architecture. As already mentioned, BNN- and MC-LSTM-based models share a common layered 

architecture during training. Our findings also revealed that BNN-based models did not show a 

significant sensitivity toward the different hyperparameters, which was not true about the MC-

LSTM-based models, which showed a significant change in performance as the training parameters 

changed. However, it is important to explore various combinations of hyperparameters while 

training BNN-based models for a different application. 

It is necessary to visually inspect the resulting predictions alongside the evaluation metrics to 

make informed decisions in real-world situations. Unlike BNN-based models, prediction of MC-

LSTM-based models has narrow prediction intervals, especially for long-term predictions. Although 

the MC-LSTM-based model achieved satisfactory performance in prediction accuracy, it is also 

necessary to have MPIW and NLL to be proportionate. Higher MPIW with low NLL suggest a good 

estimation of the uncertainty but a sacrifice of the accuracy characterized by the deterministic 

evaluation metrics. This factor was evident in the results for both BNN and MC-LSTM. This argument 

was supported by visualizing the kernel density estimation (KDE) plots for the actual values and the 

predicted values for both BNN- and MC-LSTM-based models. If the breadth of the KDE of the actual 

values and predicted values are closer to each other, the model has accounted for the uncertainty in 

the test dataset. If the KDE of actual values is higher than the KDE of the predicted values, then there 

is a sign of overconfidence and vice versa. The KDE plots are visualized for the selected models for 

the complete test dataset in Figure 5. 

BNN (NLL: 0.85, RMSE: 9.65, 

MPIW: 51.88) 

LSTM (NLL: 29.08, RMSE: 11.86, 

MPIW: 11.71)  

  
(a) 
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BNN (NLL: 0.43, RMSE: 0.91, MPIW: 

3.91) 

LSTM (NLL: 13.18, RMSE: 1.71, MPIW: 

2.30) 

  
(b) 

Figure 5. Kernel Density Estimation plot for actual values and predicted values of (a) HVAC (b) 

electricity on complete test dataset. 

KDE plots provided additional insights into the uncertainty estimation in the BNN and MC-

LSTM. In Figure 5(a), BNN-based models have better estimated the distribution of the test dataset 

compared with the results of the MC-LSTM-based models. MC-LSTM-based models have clearly 

underestimated the uncertainty in the test dataset. In Figure 5(b), the breadth of the KDE plot for MC-

LSTM-based models was extremely higher than the breadth of the actual values. By visually 

inspecting the KDE plots of predictions and actual values, it also turns out that a low NLL value did 

not necessarily guarantee a good fit.   

Finally, we would like to highlight a special observation about the BNN-based HVAC models, 

namely, the tall spikes in the prediction interval during complete test dataset prediction, outlined in 

Figure 6. 

 

Figure 6. Observed tall spikes during prediction of HVAC demand on complete test dataset. 

The spikes do not appear early during the prediction and gradually start intensifying as the 

length of the series grows. The spiked prediction interval essentially indicates the higher uncertainty 

in the prediction, which could be the result of sudden data drift in electricity demand during the 

lockdown period of COVID-19, since electricity demand was incorporated as a predictor variable 

during the training of the HVAC models. Although this study does not delve into the specifics of 

data drift, it acknowledges its impact on uncertainty quantification. Further investigation into data 

drift could provide additional insights into handling such anomalies more effectively.  

4. Conclusion 

Predicting the building-level energy demand is a beneficial contribution to building 

management and resourcing. Accurate prediction of the energy demand can provide insights into 

the demand patterns and hence can potentially help building managers to devise energy 

consumption policies and make relevant informed decisions. In this study, BNN-based and MC-

LSTM-based HVAC and electricity demand prediction models are compared in terms of uncertainty 

quantification and prediction accuracy. A subset of the building performance dataset for Building 59, 

which is located inside Lawrence Berkeley National Laboratory, was selected along with some 

temporal features and building characteristic features. A systematic hyperparameter tuning was 
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performed to explore the performance of the models under various training circumstances and tests 

performed over various prediction horizons. 

Results showed that BNN-based models excel in uncertainty quantification as well as prediction 

accuracy, outperforming MC-LSTM-based models. The study also revealed that that while MC-

LSTM-based models are a good fit for short-term predictions, they lack the uncertainty quantification 

that is a crucial aspect of predicting the demand for electricity and HVAC. It was also observed that 

BNN-based models have provided reasonable attention to the prediction confidence characterized 

by the MPIW. Finally, we addressed a special case on the behavior of BNN-based HVAC models. By 

reasonably compromising certain deterministic evaluation metrics, BNN-based models can be 

potential solutions for building-level energy demand prediction. With sufficient computing resources 

and additional exploration based on the dataset and hyperparameter space, researchers can use the 

findings from our study to establish robust probabilistic prediction models based on BNN. 

Supplementary Materials: The dataset and related code files and programs can be found at: 

https://github.com/punarvas/IESL.git. 
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Appendix A 

Appendix A.1. LSTM-Based Predictions 

 

(a) 1-day prediction (batch size = 128, learning rate = 0.0001) 

 

(b) 1-week prediction (batch size = 128, learning rate = 0.0001) 

 

(c) 1-month prediction (batch size = 128, learning rate = 0.0001) 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 September 2024                   doi:10.20944/preprints202409.2211.v1

https://doi.org/10.20944/preprints202409.2211.v1


 16 

 

Figure A1. 1-day, 1-week, and 1-month electricity predictions using LSTM-based model. 

 

(a) 1-day prediction (batch size = 128, learning rate = 0.001) 

 

(b) 1-week prediction (batch size = 128, learning rate = 0.001) 

 

(c) 1-month prediction (batch size = 128, learning rate = 0.001) 

Figure A2. 1-day, 1-week, and 1-month HVAC predictions using LSTM-based model. 

Appendix A.2. BNN-Based Predictions 

 

(a) 1-day prediction (batch size = 128, learning rate = 0.001) 

 

(b) 1-week prediction (batch size = 128, learning rate = 0.0001) 

 

(c) 1-month prediction (batch size = 128, learning rate = 0.0001) 

Figure A3. 1-day, 1-week, and 1-month electricity predictions using BNN-based model. 
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(a) 1-day prediction (batch size = 64, learning rate = 0.0001) 

 

(b) 1-week prediction (batch size = 64, learning rate = 0.0001) 

 

(c) 1-month prediction (batch size = 128, learning rate = 0.0001) 

Figure A4. 1-day, 1-week, and 1-month HVAC predictions using BNN-based model. 
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