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a b s t r a c t
The energy use prediction of building systems is crucial to design a high-eﬃciency building and maintain
low energy consumption operation, which is also important in optimizing building system control and
retroﬁtting. This paper demonstrates a comparative study of four data-driven methods used in online
building energy predictions involving large-scale data extracted from several types of buildings. The characteristics of building electricity use and data reliability were addressed through the data pre-treatment
process including visualization, cleaning, parsing and ﬁltering. Mathematical algorithms and their applications in previous studies were summarized and compared, and evaluation methods were developed.
The performance and suitable application scenarios of the proposed algorithms were conducted via the
comparison of monitoring data and predicted results. The study indicates that the most complex method
which requires the highest computation ability, i.e., the Artiﬁcial Neural Network (ANN), does not lead to
the highest accuracy, while as the fastest computation method, Gaussian Process Regression (GPR) usually
has the results with the lowest accuracy. Support Vector Machine (SVM) and Multivariate Linear Regression (MLR) methods usually perform better in the case scenarios studied. All the prediction accuracies
can meet the requirements of RMSE <30% and NMBE <10% proposed by ASHRAE, and the computation
time varies from less than 1 s to 22 s per prediction. All these methods/algorithms worked well for
buildings with stable energy use patterns. For buildings with complex and unstable occupancy schedules
and energy use patterns, MLR and SVM methods have the ability to achieve a high accuracy with fast
computation speed.
© 2019 Elsevier B.V. All rights reserved.

1. Introduction
Building energy use prediction plays a crucial role in building energy management and performance improvement, which is
paramount in building commissioning especially for energy saving
estimation [1], fault detection and diagnosis, eﬃciency optimization, and smart building practice [2]. There are ﬁve main categories of energy use that can be applied in building energy use
prediction: whole building or sub-metering electricity, heating energy, cooling energy, fossil fuel and others [3]. The available prediction methods can also be used to simulate building control systems, such as the model predictive control [4].
The energy prediction methods used in buildings can be clustered to three categories: (i) physical-based approaches; (ii) datadriven approaches; (iii) hybrid approaches that combine the ﬁrst
two methods [2,5]. The physical-based approach requires kernel
∗
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physical components, thermal performance, and their corresponding numeric values, while data driven methods use purely historical data to predict energy performance of a building [6]. The hybrid
model can also be treated as a grey-box model, which can use partial data and is quite practical in online building energy predictions
[7].
The physical model is the basis of several popular simulation
tools such as DOE-2, EnergyPlus and DeST [8]. Since physical-based
models require underlying assumptions and speciﬁed input parameter values, which made them time-consuming to establish a
model but easier to integrate all the components in the building
system. By contrast, data-driven methods are usually more eﬃcient
and can be compiled to current artiﬁcial intelligence (AI) systems
used in buildings [9]. On the other hand, the data-driven building
energy use prediction does not require the detailed energy analysis
or data about the simulated building and alternatively learns from
historical/available data for predictions [10].
Currently, the most popular data-driven methods in building
energy predictions are the artiﬁcial neural network (ANN), support
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vector machine (SVM), decision trees and statistical approaches
[11], and some other methods, such as random forest and Gaussian
mixture model, have also been used [12]. These data-driven prediction methods have been used for different building types and
various data resources, and different combinations and strategies
were widely discussed in the previous research [13].
Using ‘Ensemble Bagging Trees’ (EBT), with the input data of
meteorological parameters and building-level occupancy and meters [6], hourly electricity demands can be predicted accurately,
which is critical to estimate and predict utility bills. Another research used the national data from the Commercial Buildings Energy Consumption Survey (CBECS), and then a gradient boosting
regression was proved to be more effective than the linear regression and SVM, since this gradient boosting regression model only
demands ﬁve parameters [14].
In the UK, a supermarket and its gas and electricity usage data
were taken as an example. The multiple regression was proved to
be ﬂexible with a high accuracy, and the temperature was found
more inﬂuential than humidity [15]. Residential load forecasting
was also discussed using the log-normal process and conventional
Gaussian process prediction, while the log-normal process performed better in terms of accuracy [16]. Multiple linear regression
and neural network models have revealed that the difference between household energy demand predictions is relatively small regardless of the effect of different methodologies, and the uncertainty level still has a great effect on energy use prediction results
[17].
Some researchers also compared the usage of different prediction algorithms and their superiorities in certain scenarios. A
city scale energy use prediction uses the ordinary linear regression
(OLS), random forest, and support vector machine to ﬁt the energy
benchmarking data, including electricity and natural gas, while the
OLS algorithm was identiﬁed as the best approach [18].
Among the AI approaches, ANN and SVM are widely used methods to improve the accuracy and other predication performances.
Hybrid methods integrating SVM with other methods are preferred
such as the Least Square Support Vector Machine (LS-SVM) [19].
These two methods (ANN and SVM) have also been used in heating and cooling energy predictions with low percentage errors
[20]. Multiple regression and extreme learning machine can also
be used in the heating system prediction, such as the thermal response time in an optimal control [21]. A work in predicting the
electricity consumption of a building in Turkey was done to compare different methods, including SVM, LS-SVM, ANN and regression methods, and the LS-SVM was proved to be an accurate and
fast computation approach among them [22].
Hybrid methods of other combinations are also recommended,
such as combining neural network and optimization methods together [23]. For example, decision tree and ANN can be integrated
as a hybrid model for both prediction and classiﬁcation in the prediction process, and then a uniﬁed objective function will be resolved based on either continuous or discrete parameters [24].
The data extraction and selection procedure is also important
and critical. A residential building in France showed an improved
prediction and performance by using the data of only representative days instead of all of the days, which can mitigate the burden of data monitoring and collecting [25]. A principal component
analysis was proved to be effective in the energy prediction of appliances and lighting systems, together with the occupant activity
recognition [26]. For instance, a random forest approach has identiﬁed the educational feature to be the most inﬂuential factor for
regional energy use density [27].
The previous methods usually used one consistent method
based on historical data or simulated data in a software package
by assuming a consistent schedule, which lacks enough capacity
to deal with ﬂuctuated operational complexity and thus cannot re-

ﬂect the industrial need in eﬃcient and accurate predictions. To
eliminate such limitations, our research uses big data sets collected
from six real buildings with different building types/functions and
occupancy schedules. These data were stored in a dynamic Microsoft SQL server database, which have been cleaned and mapped
in a common data schema [28]. Principal component analysis including meteorological parameters and occupancy schedules were
carried out to reduce the computation complexity, and then energy use prediction results were compared to reach the least bias
and computation burden. Commonly recognized methods, including support vector machine, artiﬁcial neural network, Gaussian
process regression and multivariate linear regression, were used
to verify their effectiveness and identify their optimal applications.
Those methods were proved to be eﬃcient and accurate in previous research based on simulated data by using the physical based
methods, such as the data generated by using EnergyPlus. The kernel functions or inputs were selected based on our preliminary
studies, and computational time was also used to evaluate their
computational eﬃciency. Necessary data process methods and visualization were also carried out along with the optimal methods
for the selected buildings.
2. Technical methods
The basic work ﬂow of this research includes data collection,
pre-processing, prediction algorithms, and result comparison and
veriﬁcation. The data are collected as the actual building operation
data from its SQL server database, and then principal components
were extracted according to its impact on the building electricity
use. Data cleaning, parsing and ﬁltering were carried out, and the
electricity uses of six different buildings (Table 1) were predicted
with the prediction algorithms including support vector machine,
artiﬁcial neural network, Gaussian process regression and multivariate linear regression, which are all popular supervised machine
learning methods based on the literature review. The prediction results of four different methods were then integrated to the large
scale building energy monitoring system, to compare their results
with the actual energy use obtained by looking at the pre-deﬁned
criteria including deviation values, percentage and statistical analysis. Their effectiveness and computational performance were then
evaluated and compared to each other, including their suitable application scenarios.
Table 1 shows the building information of the six target buildings, all of which are using Variable Air Volume (VAV) systems
with two of them having Monomer Air-Conditioner (MAC) installed
in some special rooms/units.
The energy use of a building can be represented as a simpliﬁed function of multiple parameters, i.e., meteorological parameters and human activity schedules, used as independent variables
to predict the electricity usage, and their optimal applications were
conducted through several evaluations.
A simpliﬁed representation of our model is shown below:

y ( x ) = δ ( x1 ) + η ( x2 ) + ε ( x1 x2 )

(1)

The parameters refer to the building, climate and occupant behavior property, where x1 means the meteorological parameters after data transformation, and x2 refers to the human behaviors and
operation schedule after data transformation, which are all veriﬁed
through data cleaning, parsing and ﬁltering process.
2.1. Support vector machine
Support vector machine (SVM) is a supervised machine learning
method, which is popular in dimensional analysis, machine learning, image recognition, data classiﬁcation and prediction. It is most
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Table 1
Building information of case study buildings.
Building name & type

Building location

Building size (m2 )

HVAC system

Construction year

Annual electricity use (million kWh)

Oﬃce-1
Oﬃce-2
Hotel-1
Hotel-2
Shopping Mall-1
Shopping Mall-2

West
West
West
West
West
West

39,0 0 0
50,400
59,400
49,800
22,0 0 0
Unknown

VAV
VAV
VAV
VAV
VAV+MAC
VAV+MAC

2011
2011
2013
20 0 0
2007
Unknown

3.32
2.73
2.14
15.88
15.61
12.49

Shanghai
Shanghai
Shanghai
Shanghai
Shanghai
Shanghai

Gaussian Kernel :
Polynomial Kernel :

G(xi , x ) = exp(−xi − x2 )

(4)

G(xi , x ) = (1 + xi x ) p
where p is in the set {2, 3, . . .}.

(5)

Different kernel functions are evaluated in the prediction training process, indicating that the linear kernel is the most computation eﬃcient kernel and the Gaussian kernel shows a good performance, which is suitable for analyzing non-linear data.
2.2. Artiﬁcial neural network

Fig. 1. Diagram of Support Vector Machine [29].

appropriate for a small sample with high dimensions, especially for
the data with non-linear property.
If the data set contains data points in an n-dimensional to an
inﬁnite-dimensional space, the SVM can classify data into two different classes by identifying the best hyperplane to separate them.
The best hyperplane for an SVM is the one with the largest margin of the different classes. Margin means the maximal width of
the slab parallel to the hyperplane that has no interior data points.
These data points that are closest to the separating hyperplane are
identiﬁed as support vectors, as shown in the Fig. 1.
An optimal hyperplane can then be calculated, which is always
in the n-1 dimension, and thus SVM can be used in the classiﬁcation of image recognition and building system fault detection. It
can also be altered to predict building energy use as a regression
method.
In its regression application, the data were sampled to a high
dimensional feature space by a kernel function ﬁrst, and then the
projected input data will be calculated by using a linear regression.
The regression equation is shown below [29]:

f (x ) =

N


(αi − αi∗ )G(xi , x ) + β , β ∈ R

(2)

i=1

N



s.t.

i=1

Gaussian process regression (GPR) models are nonparametric
kernel-based probabilistic models, which use a ﬁnite number of
joint or multivariate Gaussian distribution to accumulate the actual data distribution.
A linear regression model based on Gaussian process regression
is of the form:

(6)

σ 2 ),

0 ≤ αi , αi∗ ≤ C

The equations have three key components, where α i and αi∗ are
Lagrange multipliers, and C is the threshold which is called penalty
parameter. The crucial equation in projecting original data to the
high dimensional feature is G(xi , x), and there are three types of
popular kernel functions and other user-deﬁned functions:

G(xi , x ) = xi x

2.3. Gaussian process regression

y = xT β + ε

(αi − αi∗ ) = 0

Linear Kernel :

Artiﬁcial neural networks (ANN) are data mining algorithms
created based on the biological neural networks, which are designed to be a supervised machine learning method. The ANN
model is claimed to have a relatively high accuracy compared to
other methods with low computation burdens [27]. Besides, the relationship between prediction and dependent (output) variables is
not required before the model implementation because the supervised learning process will identify it during the model creation
process. This study uses a multilayer feedforward network to establish the neural network using a backpropagation algorithm. A
typical neural network has three layers: input, hidden, and output
layers [28]. The input layer includes n neurons determined by the
number of input data variables; the output layer has a single neuron for the dependent variable; and the hidden layer has 2n + 1
neurons for a preliminary structure.
The ANN model applied in the prediction of building electricity
energy consumption can use the same data set as other methods,
but with simpliﬁed climate parameters and occupancy schedules
as the dependent variables and the energy use as the output variable. The simpliﬁed climate parameters were used because they
can greatly decrease the computation time that is needed, but the
prediction accuracy will not be greatly affected at the same time
based on our preliminary study.

(3)

where ɛ ∼ N(0,
and the coeﬃcients matrix of β is estimated
from the data as well as the error variance σ 2 . A GPR model explains the response by introducing latent variables, f(xi ), i = 1, 2,
…, n from a Gaussian process (GP), and explicit basis functions, h.
Then a mean function m(x) and covariance function, k(x,x ) will
deﬁne the Gaussian process, so an instance of response y can be
modeled as

P ( yi | f ( xi ), xi ) ∼ N ( yi |h ( xi )T β + f ( xi ), σ 2 )

(7)
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Fig. 2. Illustration of the joint Gaussian distribution of all case buildings’ energy use.

Based on the physical knowledge of building energy usage, the
energy use of a building system or a whole building should follow
an appropriate Gaussian distribution under a similar meteorological condition. Then the energy use of a whole building during a
long period can be identiﬁed as joint Gaussian distributions with
different probabilities of energy use. This will be a suitable scenario to use the Gaussian Process Regression, and the energy use
histograms are shown below in Fig. 2. It can be seen that four out
of six buildings have joint Gaussian distributions excluding Oﬃce1 and Hotel-2, and the Shopping Mall-1 and 2 are signiﬁcant joint
Gaussian distributed, which were revealed by visualization.
2.4. Multivariate linear regression
Multivariate linear regression is quite popular in the statistical
analysis of most physical systems, due to its high computation eﬃciency and ability to clearly and directly illustrate the relationship
between inputs and outputs. Our model is conducted as:

yi = β0 + β1 xi1 + β2 xi2 + . . . + βp xip ,

i = 1, . . . , n.

(8)

where
yi is the ith response, which is the electricity energy use at ith
time step;
β k is the kth coeﬃcient, and β 0 is the constant term (also called
intercept);
xij is the ith observation on the jth dependent variables after
data transformation, j = 1,…p, which is the combination of
meteorological and occupant behavior parameters.
2.5. Prediction result evaluation algorithms
The eﬃciency and accuracy levels of these algorithms were
evaluated and compared on data sets collected through the Building Energy Management System, whose data were stored in a SQL
server database. The necessary procedure, such as data cleaning,
ﬁltering and parsing, was integrated into the algorithms to increase
the reliability of the data. The basic prediction algorithm was established by oﬄine data to ﬁnd out an optimal kernel function and
inputs combination, and then tested in online prediction including

training and testing in order to compare different algorithms on
the compatibility of large scale actual building energy data.
Root Mean Squared Error (RMSE) and Normalized Mean Bias Error (NMBE) were used as statistical evaluation criteria to measure
the deviation of the predicted values from actual operations [30].
To achieve a more accurate evaluation of the prediction results, coeﬃcient of variance RMSE (CV-RMSE) was used instead of classical
bias determinant RMSE to avoid ambiguity [31,32].
The variations of CV-RMSE and NMBE values are mainly determined by different operation schedules and weather conditions,
and a result ﬁtted with a lower CV-RMSE and NMBE is usually favorable. Based on ASHRAE criteria, when hourly calibration data
are used, these requirements shall be 30% and 10%, respectively
[38]. Since our data have a more dense time interval (15 min), if
these criteria can meet the ASHRAE requirement, then the prediction deviations are within the allowable range, and a small amount
of larger deviations beyond these ranges can be also acceptable.
Another coeﬃcient of determination in the model evaluation is
R-square [33]. Since more than one variable were utilized in the
research, adjusted R-square was eventually utilized to improve the
performance of R-square, which is designed to handle large size
data with multiple inputs to eliminate the negative effect of extra explanatory variables. The adjusted R-square is represented as
[34]:

Adjusted

p
n− p−1
n−1
= 1 − ( 1 − R2 )
n− p−1

R − square = R2 − (1 − R2 )

(9)

In this equation, n is the size of data/sample size, and p is the
number of exploratory variables, R2 means R-square. Adjusted Rsquare can eliminate the bias by increasing exploratory variables,
which is a measure of suitability of alternative nested sets, and
thus it is particularly useful in the feature selection stage of building model [35]. A higher adjusted R-square is usually preferred.
Average deviation is another criteria which can reveal the percentage deviations of the whole data set, and it is represented as:

Average

Deviation =

|y∗ − y|
y

× 100%

(10)
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3. Data prediction process
3.1. Building site and data monitoring system
The studied buildings are all located in Shanghai, China, with
a long hot and humid summer which can last for four and a
half months, and also a contradictory long and cold winter which
can last another four months. The temperature ﬂuctuation during
shoulder seasons is usually signiﬁcant with the temperature variation higher than 10 °C, even though it has minor effect on the
air-conditioning energy use based on our preliminary study using
correlation factors. Because during that period, people used to adjust their clothing patterns to handle the temperature vibration instead of using air-conditioning systems to improve occupant thermal comfort. Energy sub-metering systems were widely used to
record the electricity use of an entire building and the key components of the building systems including lighting and plugs, elevators and pumps, HVAC systems and miscellaneous items. All of
these data were uploaded to a central server and stored in a SQL
server database, which were used in this study for direct download, export and prediction, as well as further smart energy management applications [36]. These data were previously used in ofﬂine computation for a simple analysis and have great potential
in further research and data mining during energy prediction and
smart building operation.
In Shanghai, more than 1500 large commercial buildings
(>20,0 0 0 m2 ) [37] have their electrical energy use sub-metered,
and most of their energy use are recorded and stored in a Microsoft SQL server database. Some buildings have their data accessible to the development of prediction algorithms in this research.
It was assumed that the baseline energy consumption is a steady
process with random white noise, and the load of the individual
zone is relatively consistent within a day. The time interval of data
monitoring is 15 min, and missing data are completed through the
data pre-process using a linear interpolation.
In this research, six buildings were studied, including two shopping malls, two hotels, and two oﬃce buildings (Table 1). They all
have different long-term and short-term operation schedules. Due
to the common energy consumption pattern in Shanghai, these
buildings all use electricity for lighting, oﬃce equipment, security,
elevators and HVAC systems. In other words, the electricity usage
equals to the whole building energy consumption.
3.2. Data preprocess and selected parameters
The development of the prediction methods went through two
major stages: the preliminary oﬄine model development and then
the online large scale test. The oﬄine model development involves
small scale historical data analyzed using a personal laptop, while
the online test is based on real data extracted from the SQL server
database and the optimally selected methodologies. All the comparisons conducted in the study are based on the online test results.
Based on the oﬄine data association analysis, multiple parameters collected through the building information monitoring system
were tested to identify their correlation with electricity usage. Critical parameters in this hierarchy analysis include dry bulb temperature, wet-bulb temperature, enthalpy, human activity and operation schedule.
In the online prediction algorithm tests, a prediction program
on a remote computer was set up to run automatically at a ﬁxed
time during different days, which would generate a numeric matrix
as the result. The prediction will then be compared to the actual
values simultaneously. The program can self-adjust its key coeﬃcients and kernel variables according to the behavioral pattern of
the most recent data.
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Standardized association factors were used as feature extraction methods to investigate the correlation between input and output variables. The correlation analysis illustrated that the dry-bulb
temperature, wet-bulb temperature and enthalpy are the most inﬂuential meteorological parameters, while other factors, including
humidity level, etc., have negative or zero contribution to the energy usage. The standardization of parameters was proved to be
beneﬁcial to improve the reliability of original data, and dimension reduction approaches were applied in the study to reduce the
complexity of computation.
The occupancy schedule is a kernel parameter in energy prediction, the most important factor is occupied and unoccupied hours
which will greatly impact the energy use because occupants will
use heating, electricity plug, oﬃce equipment, and air-conditioning
devices. The schedule used in this study was extracted from the
building operation and maintenance log considering the national
holidays and off work hours.
The data being used in the prediction still have outliers or missing points that may lead to unexpected deviations. For example,
Oﬃce-2 has a large number of zero energy use, which cover 9.62%
of the total data points, and the number of zero values for Hotel-1
accounts for 0.13%, based on the maintenance log. There should be
no zero values because these buildings are in operation constantly,
and thus these zeros were intentionally eliminated in the prediction. Large deviations also exist. For example, 0.16% of accumulated
energy use of Oﬃce-2 are much higher than the ordinary energy
consumption, while 0.004% of values for Shopping Mall-1 are too
large, which are thus suspected as monitoring bias, since these values are far beyond the reasonable range of the normal maximum
energy use for these buildings. After eliminating all the zero values
and large bias, all the rest data were used to generate prediction
algorithms.

3.3. Training set and test set split
The development of the prediction methods relies on high quality training and test data split approaches, and in this study, a selflearning method was applied. Speciﬁcally, the algorithms take one
day’s data as the test data and the 29 days’ data prior to this day
as the training data, since the energy use of the testing day (related to the test data) is affected more signiﬁcantly by the data
for the days closer to it, and a moving weighted average was used
to increase the weight of nearby days and also include the days
prior to 29 days being used. After one prediction was done, the
method used will automatically move to the next day and continue the same process, until the energy use of the last day in the
whole time period was predicted successfully. In the end, the algorithm will combine all the prediction results and put them together according to their timestamps to compare with actual values.
After ﬁnalizing the training and test sets, to further improve the
computational speed and accuracy, the data set was split based on
time step. For example, all the data points at 6:00 pm were extracted from the training set and then regrouped to predict the
energy use at 6:00 p.m. in the test set, and this process was repeated for all the time steps.
A simpliﬁed visualization is shown as below, where the above
ﬁgure is an example of the training set, and the test set is shown
in the ﬁgure below (Fig. 3).
In general, our training and test data have similar behaviors, indicating that neither signiﬁcant over-ﬁtting nor under-ﬁtting issue
occurs. For example, the above ﬁgure showed the energy use being
predicted for a typical day. The statistical criteria for the training
and test data, including RMSE, R-square and NMBE, all meet the
ASHRAE’s requirement with minor differences.
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Fig. 3. Visualization of training data and test data and their prediction result.

4. Evaluation of prediction results
4.1. Data visualization of original values
Three data visualization approaches were applied to all data
sets among all the time intervals, and some representative scenarios of certain days are shown in Fig. 4(a). A weekly box plot was
used to reﬂect the weekly energy use of ten months during the
year of 2017. Signiﬁcant data deviations from typical data distributions were shown in red, and the histogram was used for the
whole data set visualization and deviation analysis. The overall review of the data set indicates the signiﬁcant energy use on a daily
and weekly basis for the target building Oﬃce-1, which is an ofﬁce building, during night and weekend or holiday, and the energy use is usually lower than that during the workday, which
matches the original assumption based on energy use patterns, i.e.,
energy use is low during night and holiday while during workday
the building consumes more energy. The other two visualization
methods showed different energy use patterns of other buildings.
For example, for the two shopping malls, there is no obvious difference between holiday and weekday in terms of the typical operation schedule, and thus the energy use curves are more driven by
moving averaged ambient air temperature, as shown in Fig. 4(b).
Fig. 4(c) illustrates the comparison of original energy use pattern
of these buildings, and it can be seen that Shopping Mall −1, Shopping Mall-2, Hotel-1 and Hotel-2 are mainly driven by ambient air
temperatures, while some maintenance works or system upgrading may affect their energy use curves signiﬁcantly. Oﬃce-1 and
Oﬃce-2 have another patterns, and their energy use is quite low
during weekend and holiday due to the absence of occupants, indicating that their schedules have a more signiﬁcant impact on energy use than other factors.
4.2. Statistical analysis of prediction results
Statistical analysis of prediction results in terms of statistical
criteria and computation time are included in this study. In general, an algorithm with the least computation time, the highest Rsquare and the least NMBE and CV-RMSE is preferred. The data
prediction results for Oﬃce-1 by using the support vector machine
is shown below in Fig. 5(a). Fig. 5(b) shows the energy usage comparison between the predictions using different methods and the

actual energy consumption of Oﬃce-1, the Oﬃce-1 was selected
because it covered all typical prediction bias which represent all
the scenarios for all buildings.
As shown in Fig. 5(a), the prediction results have the same
tendency and variation with the actual energy use, including the
change point, and only a small number of deviations were observed through the visualization, which were derived from the unsteady vibration in terms of occupant activities and schedules at
noon. Another improvement is that the box plot (Fig. 5(a)) shows
less faulty operations in the weekly data visualization, and the distribution becomes more steady and is close to the mean value of
the operational data. In fact, the values of the faulty boxes are reduced to 0% in the prediction results. Fig. 5(b) illustrates the comparison of the actual and predicted values during a short time period, which represents a small amount of severe deviations. Still,
the prediction tends to have more steady schedules than the actual
data, which is represented through an optimized operation curve.
The SVM curve shown in Fig. 5(b) represents the result for a short
period of time with more signiﬁcant deviations compared to the
SVM results shown in Table 2, which represent the results for a
longer time period (10 month).
It is clearly revealed by Fig. 5(b) that SVM gives a signiﬁcant
deviation during the ﬁrst day, which might be a potential/inherent
issue in using SVM in such applications. To ﬁnd out the possible
reason for that, more simulations and studies would be needed
in the future study. ANN has relatively large deviations during the
last two days that are weekends, while GPR and MLR have no such
errors. Uncommon fault greatly decreases the potential for using
ANN and SVM in a future large scale energy use prediction, and a
study on the longer term of energy use prediction suggested that
ANN tends to have more severe deviations than other methods.
Popular statistical criteria for prediction are also considered, as
shown in Table 2, for Oﬃce-1 with high energy density and more
steady operation schedule. The values for the Adjusted R-square,
NMBE, and CV-RMSE of four different methods are quite similar,
so the prediction evaluation results cannot generate any preference
among them through the individual evaluation, and thus these criteria must be considered together. Still, the computation time has a
severe difference. ANN usually took quite a longer time to generate
reasonable results, while GPR was much faster than all the other
methods. At the current stage, SVM, GRP and MLR can all satisfy
the requirement of quick response predictions, while ANN is not
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Fig. 4. Data visualization of typical building operations based on original data (a). representative scenarios of certain days of Oﬃce-1, (b) overall data review of Oﬃce-1, (c)
time series plot of all six buildings in terms of energy usage and moving averaged temperature.

Table 2
Adjusted R-square, NMBE, CV-RMSE and computation time of the prediction @ Oﬃce-1.
Prediction methods/Evaluation criteria

Adjusted R-square

CV-RMSE

NMBE

Computation time/CPU time (s/loop)

Artiﬁcial neural network
Gaussian process regression
Multivariate linear regression
Support vector machine

0.822
0.878
0.870
0.864

28.691
23.778
24.550
25.101

0.550
0.362
2.610
3.004

26.065
0.02
2.670
1.354

superior compared to the others. The computer used for all these
simulations has a common conﬁguration for a laptop, i.e., Intel(R)
Core(TM) i5-5200 U CPU @ 2.20GHs 2.19 GHz as the processor.
4.3. Comparison of different methodologies for different buildings
To identify an optimal method in energy prediction for different
types of buildings, the results of different methods are compared

by looking at their deviations of energy use values, deviation percentages, and statistical criteria.
The commonly used criteria in the statistical regression and
prediction are used here to investigate the goodness of data ﬁtting, including the adjusted R-square, NMBE, and CV-RMSE. Average deviations are also calculated and represented. Their effects
were considered together and optimal comparative evaluations of
these methods were given.
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Fig. 5. Visualization of energy use prediction (a) weekly prediction results box plot of Oﬃce-1, (b) energy use prediction versus actual value of Oﬃce-1.

The average deviations of the six studied buildings vary a lot as
shown in Fig. 6, and these high ﬂuctuations reﬂect that there is not
a once-for-all method suitable for all types of buildings. SVM behaves best for Hotel-1 and Hotel-2; MLR also behaves best on these
two and slightly better than SVM. ANN behaves best for Hotel-1
and Hotel-2 but is still the worst among the four methods, and
GPR has a different behavior pattern among these two buildings
while it is worse than MLR in Hotel-2 but same as MLR in Hotel-1.
For Oﬃce-2 and Shopping Mall-2, their high average deviations indicate that none of these methods are very suitable for these two
buildings.
Based on the ASHRAE Guideline 14-2002 [38], all of our predictions can meet the requirements for NMBE and CV-RMSE, which
indicates that the prediction methods are acceptable for further
applications in real building energy predictions.
From the perspective of statistical analysis, the adjusted Rsquare, NMBE, and CV-RMSE should be evaluated together, and
the methods with high R-square and low NMBE and CV-RMSE are
identiﬁed as the optimal methods. Figs. 7–9 indicate that MLR and
GPR methods usually stand out at some rare scenarios. ANN usually works better to minimize NMBE, while MLR tend to minimize
the average deviation based on percentage, SVM works well for

buildings with a steady operation schedule, and GPR works best
for Oﬃce-1 and Shopping Mall-2, which typically have the highest
uncertainty that is likely caused by unrecorded and unpredictable
occupant behaviors.
It can be seen that for different comparison criteria, the same
method might receive slightly different evaluation results, which
reﬂects the complexity of our building energy use patterns. By averaging different criteria, however, we can evaluate the effectiveness of different methods.
As a conclusion, the optimal algorithm for different buildings
varies a lot. Different methods have their own optimal application scenarios. MLR is considered to be optimal for the buildings
of Oﬃce-2, Shopping Mall-1, Hotel-1 and Hotel-2. GPR is considered to be optimal for the Oﬃce-1 and Shopping Mall-2, while
GPR and SVM are identiﬁed as the fastest method. For different
deviation requirements, MLR is best when least average deviation,
ANN is best when NMBE minimization is required but usually have
low adjusted R-square coeﬃcients, GPR can usually reach least CVRMSE.
The comparison of prediction methods for Oﬃce-1 and Oﬃce2 shows a great difference between their prediction results, even
though they have a similar function/building type. Oﬃce-2 have
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Fig. 6. Average deviations of the annual data prediction distribution of the six buildings.

Fig. 7. Adjusted R-square of the annual data prediction distribution of the six buildings.

more data points effected by unknown reasons which lead to high
deviations by all four methods especially ANN because ANN would
tend to overﬁtting the energy use.
Another aspect of evaluating the prediction is data distribution,
which illustrates the data proﬁciency and result reliability. Original data visualizations illustrate the energy usage as a non-ideal
Gaussian distribution, and the temperature being recorded as the
principal independent variable is non-Gaussian either, even though
for certain buildings they can be treated as joint-Gaussian distributions.
The prediction result evaluations have more dimensions of data
distributions that can be analyzed, and all percentage deviations
related to the four prediction algorithms show quasi-Gaussian distributions, including a dual peak joint Gaussian distribution for
Shopping Mall-2, which indicates that the difference between the
actual and predicted values is partially dependent on a single factor. The central limit theorem has indicated that if the observations
are huge enough, the whole data set will follow the Gaussian distribution, even if each observation is not Gaussian distributed [25].
It can be proved that the data sets used in all these prediction

methods are big enough to represent the actual building operation
conditions, as shown in the sample visualization plot in Fig. 10. In
the Gaussian distributions as shown in this ﬁgure, y-axis illustrates
the number of data points for the six buildings, and x-axis represents the different prediction algorithms. The Kolmogorov-Smirnov
test shows our results are not ideal enough, which can be proved if
more bins are used in the histogram. Hence, bigger data sets with
high density are needed in the future analysis, and the histogram
visualization can have more bins in order to increase their accuracy.
Despite the great performance of the overall prediction, severe
deviations at certain time steps still exist. Based on the detailed
data veriﬁcation, the extreme bias in the prediction process is due
to the original data faults, which requires the improvement of data
quality and sensor calibration. Sensor malfunction or data acquisition bias were identiﬁed as the most relevant and common causes.
For example, the oﬃce building has constant zero electricity consumption for two weeks, while the utility bills show the actual
energy use are not zero during these two weeks. This could result in great deviations and thus negatively affect the training of
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Fig. 8. CV-RMSE of the annual data prediction distribution of the six buildings (blue line indicates the threshold deﬁned by the ASHRAE standard). (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

Fig. 9. NMBE of the annual data prediction distribution of the six buildings (blue line indicates the threshold deﬁned by the ASHRAE standard). (For interpretation of the
references to colour in this ﬁgure legend, the reader is referred to the web version of this article.)

the models. The data preprocess can eliminate most of these signiﬁcant deviations, but minor errors cannot be all detected and
deleted. Another cause of deviation is due to the meteorological
data. Most of the sensors are not well located at their correct positions, which thus cannot reﬂect the actual weather conditions for
the target buildings. Therefore, the weather monitoring sensors are
going to be modiﬁed for certain buildings in the future analysis.
5. Discussion
The limitation of the accuracy that restricts the use of online
prediction is human activity data, especially the sudden change
of occupant numbers and equipment operation by maintenance
staffs. By using the number of occupants with their schedule and
clustering them to a simpliﬁed data set, our model can draw a
conclusion to take occupancy into consideration without sacriﬁcing too much computation eﬃciency. One alternative solution is to
use the equipment operation status instead of direct human activities as an independent variable in a real-time prediction, since

a large portion of energy use is determined by building mechanical equipment, which has the highest variation, and thus detailed
data of the equipment are typically needed. The equipment operation can be recognized as a reﬂection of an occupant behavior and can be monitored by using building energy management
systems (BMS). The utilization of these data can improve the energy prediction greatly. Thus the acquisition of data from both BMS
and sub-metering systems is necessary. Most buildings in Shanghai
have different suppliers for BMS and sub-metering systems, and
thus it is needed to integrate the data among different resources
or suppliers, rather than only rely on the sub-metering data in the
current database.
Furthermore, the whole building energy use prediction is directly associated to utility bills, and it can help to smooth the
operation curve by using energy storage devices, to decrease or
shift the peak demands, and to reduce unnecessary utility bills and
maximum demand (MD). It can also be used in a building design
decision making process to determine whether an energy storage
device or high frequency response control is needed, based on peer
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Fig. 10. Visualization of the annual data prediction distribution (x-axis represents percentage error of four algorithms, the y-axis represents number of data points).

group comparison of buildings with similar functions. Meantime,
the Chinese government is promoting the use of whole building
energy use sub-metering of different types of energy sources, including natural gas, water, hot water and steam, which will provide
more data for energy prediction and management in the future.
6. Conclusion and future work
This paper introduced four electricity use prediction and forecasting methods, based on multivariate linear regression, Gaussian
process regression, support vector machine, and artiﬁcial neural
network. In addition, the accuracy of prediction and computation
complexity were compared and discussed.
Based on the results shown above, several core conclusions
were drawn and shown below.
1) The proposed electricity consumption algorithms can all be
used in electrical energy prediction regardless of different
weather conditions or occupancy schedules, and the best results were obtained in the energy use prediction of an oﬃce
building due to its steady schedule.
2) The Gaussian process regression method can generate the prediction results with the least CPU time for most of the scenarios
and MLR have the lowest relative deviation with low CPU time,
since results of MLR can be best explained by using building
physical knowledge, it is of great potential for use in a realtime monitoring system for building energy prediction with optimization algorithms.
3) The support vector machine method has a steady behavior with
low accuracy deviations, and the computation time is relatively
low. For small data set with nonlinear relationship between different parameters, SVM is recommended especially in real-time
control system.
4) Artiﬁcial neural network has the least behavior performance in
terms of predication accuracy, with high CPU time on all of
these occasions. For ANN with many hidden layers and nodes,
the deﬁciency of computation complexity would negatively af-

fect its application in a real-time building monitoring system.
Due to its low accuracy, in industrial applications involving
large scale building energy use data, ANN is not preferred unless there are very high data uncertainties.
5) Considering the equilibrium of prediction accuracy and the
least computation time, multivariate linear regression is considered as the best method in the case study with simpliﬁed
inputs, while SVM is the best method with complex inputs and
nonlinear relationship. To ensure a faster and more reliable prediction, large data sets and real-time methods can be utilized,
and dimension reduction methods will be a good option. Detailed occupant activity can be a good option to greatly increase
the prediction accuracy.
6) Based on the evaluation results of different buildings, it can be
inferred that using principal components can generate great results without sacriﬁcing much accuracy and can increase the
computational eﬃciency signiﬁcantly. So the input variables
should be calibrated and veriﬁed as principal components before different methodologies can be concluded for different
types of buildings.
The current prediction methods are based on one year’s data
focusing on only building electricity use. In the future work, it can
be extended to a larger system by integrating thermal dynamics
of building equipment and complex systems. These methods can
also be used in adjusting a control system based on the deviation of prediction from the actual operation monitored by using a
real-time monitoring system. As the tendency of smart cities, these
methods could be used to predict the energy use of a district and
guide the use of energy storage devices to reduce the peak demands and ﬁx missing data or detect sensor value deviations and
operational faults.
Additionally, the way to record the occupancy schedule can be
improved further in the future study from the binary variables that
were used in this study to more parameters in representing and
reﬂecting the detailed occupant behaviors, such as occupant numbers, window on/off, or equipment on/off by occupants.
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From the perspective of data science application, the current
prediction methods focus on classical statistical learning methods,
which have the limited parameter tuning ability [39] in the big
data application. In the future, ensemble methods, such as Random Forest and deep learning methods, will be utilized to establish
more accurate and reliable prediction algorithms based on elaborate data with detailed occupant behaviors, and hyper-parameter
tuning, such as batch size or number of layers and nodes, will be
used to eliminate under-ﬁtting and over-ﬁtting problems [39,40].
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