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Abstract—This paper presents an Artificial Neural Network 
(ANN)-based building-level hourly electrical load forecasting 
method that takes into account HVAC set points as one of the 
input parameters, in addition to the historical building load and 
outdoor weather data. The data presented in this paper deal with 
cooling load only.  ANN is used to train and test the dataset, and 
the ANN-based load forecasting model provides the predicted load 
for each hour of the day. Three training algorithms are explored, 
including Levenberg-Marquardt, Scaled Conjugate gradient 
back-propagation and Bayesian Regularization (BR). Findings 
indicate that the BR-based neural network offers the best 
performance in terms of forecasting accuracy.  In addition, a case 
study using a commercial building in Chicago, Illinois is presented 
where performances of the developed ANN-based models are 
compared.  The forecasting error is around 5% or less for hour-
ahead load forecasting, and around 8% or less for 12-hour ahead 
load forecasting. 

Keywords—ANN, commercial buildings, hourly load 
forecasting, HVAC set point adjustment 

I. INTRODUCTION 

The electrical energy demand of the commercial building 
sector accounted for 36.6% of the overall electricity 
consumption in the U.S. in 2017 [1]. Due to greater deployment 
of smart devices, on-site distributed energy resources and 
building energy management systems, buildings are playing an 
increasingly important role in the smart grid paradigm. Smarter 
buildings - both new and old - are now playing the “prosumer” 
role where they can both generate and adjust their electrical load 
as needed.  This is in contrast to the traditional building, which 
can only serve as an electricity “consumer”. With the availability 
of building-level load forecasting models,  hourly building loads 
can be predicted and thus intelligently controlled. This provides 
an opportunity for building owners to prioritize their loads in 
response to demand reduction requests; for demand response 
(DR) aggregators to estimate the available demand reduction 
capability, and for grid operators to plan for their next-day 
electricity supply requirements.  

Examples of previous work related to baseline building-level 
load modeling and forecasting are discussed in [2-13].  In [2] 
and [3], an Elman neural network (ENN) is used for load 
prediction in commercial buildings. In this model, the feature 
selection includes only outdoor temperature as an influencing 
factor. Authors in [4] introduce the use of Bayesian Networks to 
predict building cooling loads using the following input 
parameters: dry/wet temperatures and day types, e.g., working 

days, holidays and event days. But the forecasting error is more 
than 10% which is too high to be useful. Another load 
forecasting model for large commercial office buildings based 
on the Radial Basis Function Neural Network (RBFNN) - using 
historical load data and weather data as inputs - is proposed in 
[5]. The model offers single-step forecasting and has a 
forecasting error of around 6%. In [6], a feedback ANN model 
is discussed, which forecasts building loads based on the 
expected change in outdoor temperatures during the next hour, 
and historical load data as inputs.  It can be seen that most 
previous work does not use HVAC set point information, along 
with previous hour load conditions and weather-related data as 
inputs, using which may improve the forecasting accuracy.  

A few previous studies also estimate building loads using 
simulation software, like eQUEST. In [7], the authors 
investigate the energy performance of buildings in five zones 
using DOE-2 and show a good accuracy. In [8], the authors 
formulate a set of linear equations to fit the simulation results 
from DOE-2. But the formulae require much detailed 
information to represent building operations and physical 
characteristics. In [9], the authors compare the load forecasting 
outputs of the ANN model without knowledge of HVAC set 
point to those of the Energy Plus model. And in [10], the authors 
compare the load forecasting results among a multi-variable 
regression model with set point temperatures, the simulated load 
from DOE-2 and the actual building load. And it shows that their 
errors are both around 10%. 

As the large amount of data is required to develop a building 
model in eQUEST, a machine learning-based method can be an 
alternative to obtaining forecasted building loads when limited 
sets of inputs are available. Since the relationship between the 
building electrical load (kW) and its influencing parameters 
(e.g., outdoor weather information, indoor temperature set point, 
hour of day and day of week and others) is complex and non-
linear, instead of using a linear regression method, a neural 
network model is used in this study. There are three most 
popular neural network training algorithms, including 
Levenberg-Marquardt (LM), Scaled Conjugate gradient back-
propagation and Bayesian Regularization (BR). Several papers 
[11-13] compare regression methods including LM and BR 
based ANN, Non-linear Autoregressive Network with 
Exogenous Inputs (NARX), Regression Trees (RT) and Support 
Vector Regression (SVR). As demonstrated in [12], BR results 
in higher accuracy with less over-fitting, but longer training time 
than other neural network training algorithms when dealing with 
building-level hourly load forecasting. This is because the model 
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can select regularization parameters automatically to achieve the 
optimal network architecture of the posterior distribution. In 
addition, overfitting can also be avoided by properly selecting 
number of neurons in each ANN model. Thus, in this paper, BR 
is used to model the relationship between the selected 
influencing parameters and hourly building-level electrical 
loads. The uniqueness of this work is the fact that the presented 
ANN-based building-level load forecasting method uses HVAC 
set points as one of the input parameters.  Thus, one can estimate 
the impact of HVAC set point adjustments on building loads in 
energy conservation studies. 

II. INPUT DATA SELECTION 

To develop a machine learning-based forecasting model, 
training and testing datasets need to be gathered, and proper 
influencing parameters need to be selected.   

A. Building Physical and Electrical Characteristics 
The data from a three-story commercial building located in 

Chicago, IL, are used in this study. The building has the total 
area of around 100,000 square feet. All HVAC systems in the 
building are assumed to have the same set points and operate on 
the same schedules. The hourly electricity consumption (kWh) 
data of this building have been acquired from the corresponding 
smart meter from August 2016 to July 2017.  

B. Building Simulation Model developed in eQUEST   
Since HVAC set points are required as one of the input 

parameters in the developed ANN model, the simulation model 
of this building has been developed in eQUEST [14] using 
typical set points for the buildings and validated against the 
hourly data from the smart meter. Fig. 1 illustrates the 3D model 
of this building developed in eQUEST.   

 
Fig. 1. 3D model of the commercial building developed in eQUEST. 

eQUEST simulation results, which are the hourly electrical 
loads of this building, have been compared with the hourly 
electrical load data recorded by the smart meter.  The simulated 
vs actual data have also been aggregated and compared daily and 
monthly. Results indicate that the simulated hourly load closely 
follows the actual load obtained from metered data. Comparison 
of monthly simulated vs actual load shows the average error of 
around 3.7%. This, therefore, validates the developed building 
model. Using the validated eQUEST model, the datasets 
containing time-series HVAC set points and hourly loads of this 
building can then be obtained.  Corresponding weather data have 
been obtained from Weather Underground.  

C. Influencing Parameters 
Fig. 2 illustrates the boxplot of the hourly loads of this 

building from midnight to midnight on weekdays during the 

three summer months. It can be seen that the hourly building 
load (kW) highly fluctuates between 8 AM and 8 PM due to 
HVAC operation.  In the other hours, building loads vary tightly. 
This is because the HVAC system in the building does not 
operate during these hours.  

 
Fig. 2. Distribution of hourly building load from 00:00 to 24:00.  

Focusing on the hours with highly fluctuated load (these are 
the candidates for peak demand hours and are important for DR 
applications), this study targets to forecast hourly electrical load 
of this building during these hours.  

Proper influencing parameters need to be selected to develop 
the hourly load forecasting model during this period. From [9], 
HVAC, lighting and electrical equipment account for 96% of 
building load. Thus, influencing parameters closely related to 
these loads should be selected. The HVAC set point and outdoor 
temperature are selected for their influence on the HVAC load. 
Irradiation is selected for its influence on both HVAC and 
lighting loads. And the previous hour load is also chosen 
because it reveals the electrical equipment base load. These 
assumptions are substantiated by the relationship among the 
hourly building loads, HVAC set points, outdoor temperatures, 
and irradiation data, as shown in Fig. 3. 

 
Fig. 3. A plot showing hourly building loads, HVAC set points, irradiation and 
outdoor temperature data from 8 AM to 8 PM during a five-day period. 

On an hourly basis, the irradiation, HVAC set point, and 
outdoor temperature seems to have an influence on the building 
load and their trends are following each other. Hence, the 
following influencing input parameters have been selected for 
building-level hourly load forecasting:  

 HVAC set points (F) at hours t and t+1 

 Outdoor temperature (F) at hours t and t+1 

 Irradiation (W/m2) at hours t and t+1 

 Building load (kW) at hour t 
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While hourly building load and HVAC set points are 
generated from the validated eQUEST model, the outdoor 
temperature and irradiation data are obtained from Weather 
Underground which is updated in real time.  

III. THE ANN-BASED FORECASTING METHOD 

With the training and testing datasets at hand, an hourly 
building-level load forecasting model can be developed. ANN 
being one of the most popular methods in model fitting and 
regression is selected as the forecasting tool. 

A. Artificial Neural Network 
In a neural network, there are three types of neuron layers: 

one input layer, one or several hidden layers and one output 
layer. Every layer consists of one or several neurons. The 
neurons between different layers are connected with weight 
numbers. In the building model dataset, the input layer includes 
all influence parameters as input layer neurons. And the output 
layer is the forecasted building load.  

ANN builds a network that adjusts the connection weights 
along the path among neurons.  The weights are updated through 
the back-propagation algorithm which is used to minimize the 
error between the predicted and actual loads. The error from the 
initial prediction of the model is fed back to the network and the 
weights are modified backward for the second iteration. This 
back-propagation iteration process automatically stops when an 
error is within a certain tolerance.  

For each hour during the target period, the ANN model is 
developed with seven input parameters mentioned above, as 
shown in Fig. 4. Only one hidden layer is chosen to avoid 
overfitting the model.  

 
Fig. 4. Structure of the developed ANN model. 

For each hour during the highly fluctuated load hours, the 
ANN model is formulated to minimize the Mean Square Errors 
(MSE) as shown in (1) with the above seven parameters as the 
inputs (2). Eq. (3) shows how the weights are adjusted for each 
iteration. 

Min       MSE =   ∑ y 𝑦                            (1) 

    𝐼𝑛𝑝𝑢𝑡𝑠 𝑆  , 𝑆  , 𝑇  , 𝑇   , 𝐼 ,  𝐼    , y  𝑜𝑟 𝑦           (2) 

w(j+1)=w(j) 𝐽 𝐽 𝜇𝐼 -1𝐽 𝑒            (3) 

Where, 

t : Time index 
𝑗 : Iteration times 
𝑖 : Index of observations in the dataset 
𝑛 : Length of observations in the dataset 
𝐽  : Jacobian matrix that contains first derivatives of 

network errors with respect to weights and biases 
𝑒  : Vector of network errors 

w(j) : Vector of weights 
 𝜇 : Scalar value 
 y  , y   : Hourly building load (kW) at hours t and t+1 

𝑦  , 𝑦  : Forecasted hourly building load (kW) at hours t 
and t+1 

𝑆 ,  𝑆  : HVAC set point (F) at hours t and t+1 
𝑇 ,  𝑇  : Outdoor temperature(F) at hours t and t+1 
𝐼 ,  𝐼  : Irradiation (W/m2) at hours t and t+1 

 

B. Determining Neuron Numbers for Each ANN Model 
Properly selecting a neuron number of the hidden layer is 

very important in the ANN training process. Improper neuron 
number selection in hidden layers can cause model overfitting 
or low model accuracy. There are several rules of thumb that can 
be used to select the neuron numbers of the ANN model, which 
depend on the number of training data and input parameters. In 
this paper, the number of neurons in the hidden layer has been 
chosen based on the following rules of thumb [15]. 

• The hidden neuron number is better to between the size of 
the input layer and the size of the output layer. 

• The hidden neuron number is better to be around 2/3 the 
size of the input layer, plus the size of the output layer. 

• The hidden neuron number is suggested to be less than 
twice the size of the input layer. 

Following these rules of thumb, the neuron number varies 
from 5-10 for each hour. After trial and error on neuron numbers 
starting from these rules of thumb, the proper neuron numbers 
that give the best prediction performance have been selected. 
Note that since an ANN model has been developed for each 
hour, different neuron numbers are used for different ANN 
models. 

C. Training Algorithm 
Compared to the LM training algorithm, for this building, 

the BR training algorithm with varying number of neurons for 
each hour provides better model accuracy, but with the cost of 
longer training time. 

Unlike the traditional neural network, which aims to 
minimize MSE, the BR algorithm takes the network weight 
numbers into the training objective function. Therefore, the 
network objective function (F) can be written as: 
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F β𝐸 𝛼𝐸                            (4) 

Where, 𝐸  is the sum of square network errors; 𝐸  is the 
sum of square network weights; and the parameters β and 𝛼 are 
trade-off between network errors (𝐸 ) and size (𝐸 ).  

With this updated objective function, both the network error 
and the network size can be simultaneously minimized. Because 
of the smaller size of neural network, the overfitting defect can 
be avoided. In addition, BR can self-adjust 𝛼 and β to optimize 
the network. Thus, the BR-based neural network always gives 
better generalization ability compared to other methods.  

In the paper, MATLAB neural network toolbox [16] is used 
to train and derive the ANN-based forecasting model for each 
hour. 

D. Forecasting Approaches: Single-step and Recursive 
As previously mentioned, the ANN-based forecasting model 

is developed for each potential peak load hour (see Fig. 2).  Two 
load forecasting approaches are considered: single-step and 
recursive, as explained below.   

1) Single-step  
The single-step forecasting method is carried out by using an 

hourly ANN-based forecasting model discussed earlier with the 
current hour actual load data (along with temperature and 
irradiation data) as the inputs. This means the ANN model 
developed for each hour is independent of the ANN models for 
the other hours. And, the model performance of one ANN model 
does not affect that of the other hours.  While this method avoids 
the accumulation of forecasting errors by using the actual load 
data as inputs, it can only provide hour-ahead forecasts.   

2) Recursive  
Relying on the same ANN-based forecasting models for 

each hour, the recursive forecasting method is carried out by 
recursively feeding the forecasted hourly load (along with other 
input parameters) from the ANN model for time t-1 as the input 
to the ANN model for time t. This method can provide forecasts 
for multiple future hours (e.g., 12 hours) at one run. That means 
the recursive approach performs the forecasting once at 08:00 to 
generate 12-hour ahead hourly load forecasts. This method 
results in accumulation of forecasting errors because the current 
forecasted load is used as one of the inputs to the next-hour 
model.  

IV. CASE STUDIES 

Here, two case studies are discussed when performing 
hourly building-level load forecasts using the ANN-based 
models, with a constant HVAC set point, and adjusted HVAC 
set points during a DR period, e.g., from 12PM-4 PM.   

 Case 1: Constant HVAC Set Points 
In this case study, the forecasts have been performed when 

the cooling set point of the HVAC system in the building 
remains unchanged at 72F.  The forecasts start at 8 AM for the 
next 12 hours, using both single-step and recursive approaches. 

 Case 2: HVAC Set Point Adjustment  
In this second case study, the cooling set point of the HVAC 

system is increased to 74F from 12 PM to 4 PM, remaining at 

72F for the rest of the hours.  Similar to Case 1, the forecasts 
have been performed for the next 12 hours using both 
approaches.   

The performance of the forecasting models is evaluated 
using: Mean Absolute Percentage Error (%) (MAPE).  See (5). 

  MAPE ∑ 100%                           (5) 

Where n is the number of the testing dataset and i is the index 
of observations in the testing dataset. y  is the actual hourly 
building load at time t and  f  is the predicted building load. 

The average hourly forecasting errors of all these 130 
summer days in both single-step and recursive forecasting 
approaches of Cases I and II are summarized in Table I.  

TABLE I.   
FORECASTING ERRORS (MAPE) 

Time 
Case I Case II 

Single-step  Recursive  Single-step  Recursive  
08:00-09:00 3.52 3.52 3.53 3.53 
09:00-10:00 2.87 2.89 2.85 2.88 
10:00-11:00 3.83 3.88 3.84 3.86 
11:00-12:00 3.57 3.80 3.54 3.76 
12:00-13:00 3.34 3.80 3.32 3.44 
13:00-14:00 3.69 4.48 4.27 4.89 
14:00-15:00 3.08 3.78 4.64 5.74 
15:00-16:00 3.28 4.18 3.12 5.51 
16:00-17:00 3.33 4.87 4.17 5.52 
17:00-18:00 3.87 5.05 4.76 6.35 
18:00-19:00 3.93 6.05 4.06 6.83 
19:00-20:00 5.08 7.19 5.16 8.13 

 

In Case I,  the developed ANN-based forecasting models 
yield the forecasting errors within around 5% MAPE for the 
single-step approach, while the errors increase to around 7% for 
the recursive approach.  In Case II, when the HVAC set point is 
raised, the ANN-based single-step approach offers equivalent 
levels of forecasting errors and slightly higher errors (around 
8%) for the recursive approach.  

 As an example, the actual hourly building loads and the 12-
hour ahead forecasted loads for five consecutive weekdays by 
both the single-step and recursive approaches are compared in 
Fig. 5 for Case I (constant set point) and Fig. 6 for Case II 
(adjusted set point).  

 
Fig. 5. Actual loads vs 12-hour ahead load forecasts for five days (Case I). 
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Fig. 6. Actual loads vs 12-hour ahead load forecasts for five days (Case II). 

As shown, the developed BR neural network model shows a 
good fitting accuracy for both Case I with a constant set point 
and Case II with an adjusted set point. And it can predict the 
expected drop in building load when the HVAC set point 
increases. The results also reveal that while on average the 
single-step method provides a better forecasting accuracy than 
the recursive method, forecasting errors when using the single-
step method might get higher than those when using the 
recursive method at some particular hour. 

The scatter plots showing the actual (x-axis) and predicted 
loads using the recursive method between 12:00 and 16:00 are 
shown in Fig. 7. This shows how close the actual vs predicted 
loads are to the regressed diagonal line, which implies high R 
square values for the models.   

 
Fig. 7. Predicted vs actual hourly building loads during 12:00-16:00 with 
recursive forecasting. 

V. CONCLUSION 

This paper presents an ANN-based method to forecast 
hourly electrical load in commercial buildings. Models have 
been trained using BR and the average hourly forecasting errors 
measured using MAPE are around 5% or below for single-step 
forecasting, where the next hour’s forecast uses the previous 
hour’s forecasted value, and around 8% or below for recursive 
forecasting, where longer lead times are used. Forecasting 
models with adjustable set points are very useful in estimating 
next-day hourly building loads. By using the models presented 
here, one can perform day-ahead load forecasts to estimate the 

impact of increasing HVAC set points on hourly building load.  
Hence, a building owner and a demand response aggregator can 
obtain estimated peak demand savings when the cooling set 
points are raised.  Grid operators can aggregate these numbers 
for their next-day generation supply plans.  In addition, the 
presented models could also be useful for load forecasting in a 
blockchain peer-to-peer trading network that transacts excess 
solar PV output and/or peak demand reduction capabilities.  
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