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Abstract: Building energy consumption prediction has a significant effect on energy control, design 
optimization, retrofit evaluation, energy price guidance, and prevention and control of COVID-19 
in buildings, providing a guarantee for energy efficiency and carbon neutrality. This study reviews 
116 research papers on data-driven building energy prediction from the perspective of data and 
machine learning algorithms and discusses feasible techniques for prediction across time scales, 
building levels, and energy consumption types in the context of the factors affecting data-driven 
building energy prediction. The review results revealed that the outdoor dry-bulb temperature is a 
vital factor affecting building energy consumption. In data-driven building energy consumption 
prediction, data preprocessing enables prediction across time scales, energy consumption feature 
extraction enables prediction across energy consumption types, and hyperparameter optimization 
enables prediction across time scales and building layers. 
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1. Introduction 
Buildings accounted for 36% of global energy demand and 37% of energy-related 

CO2 emissions in 2020 [1], with the operational phase accounting for greater than 80% of 
the total building energy consumption [2]. The contribution of building carbon emissions 
in developing countries can reach 52% [3]. For example, the world’s largest developing 
country, China, produced 9467 million tons of energy-related CO2 in 2018, accounting for 
approximately 29% of global CO2 emissions [4], with the building sector accounting for 
20% of total energy consumption and 30% of total CO2 emissions [5]. Thus, reducing en-
ergy consumption and carbon emissions from buildings is urgently required in the con-
text of carbon neutrality. 

Improving the energy efficiency of buildings can save energy consumption by 30–
80% and significantly reduce the corresponding building carbon emissions [1]. Building 
energy consumption prediction (BECP), an effective initiative to improve building energy 
efficiency, has played an important role in building energy control, building design opti-
mization, building retrofit evaluation, energy price guidance, and COVID-19 prevention 
and control. At the building operation stage, BECP is combined with end-user group re-
quirements to personalize the operation of energy-consuming equipment to optimize its 
energy efficiency without affecting the thermal comfort of its occupants [6]. Mariam et al. 
[7] proposed a neural network (NN)–based model predictive control for a heating, venti-
lation, and air conditioning (HVAC) system in the Qatar University Sports gymnasium, 
along with the management planning control system, which achieved energy savings of 
up to 46% while jointly optimizing the thermal comfort and air quality of the indoor en-
vironment. Tomasz [8] performed energy consumption prediction and energy efficiency 
control for a multi-family house and an office building in Poland, and the actual energy 
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savings exceeded 15% and 24%, respectively. At the building design stage, Kim [9] ex-
plored the effects of air permeability, solar heat gain coefficient (SHGC), and thermal con-
ductivity on building energy consumption by varying the design variables based on the 
developed residential energy prediction model. Air permeability has a significant influ-
ence on heating load, while the SHGC has the greatest impact on cooling load. Increasing 
the thermal conductivity reduced the cooling energy consumption by 8–26%. Adding the 
heat transfer coefficient of the envelope leads to an increase in the heating energy require-
ment by approximately 27–29%. At the building retrofit stage, Seo et al. [10] assessed the 
feasibility of projects and helped decision makers predict the heating energy demand of 
low-income households in Korea. In addition, BECP can guide the price of energy sup-
plied to end customers [11]. Jinseok and Ki-Il [12] proposed a long- and short-term 
memory (LSTM)–based BECP model and a time of use (TOU)–based operation algorithm 
that can theoretically reduce the peak demand cost by 22%. In response to future energy 
crises, building energy consumption forecasting can also provide facility managers, elec-
tricity suppliers, and decision makers with beneficial information for planning energy us-
age data, monitoring energy consumption anomalies, regulating energy costs, and re-
sponding to demand strategies to reshape building load profiles and reduce peak demand 
[13,14]. After the COVID-19 pandemic, building air-conditioning energy consumption 
predictions can be used to improve the health status of residents. Michael et al. [15] inte-
grated the energy consumption prediction of an HVAC system with air-transmission risk 
to determine the required space and the lowest energy cost to reduce infection risk. Li et 
al. [16] combined the energy consumption forecast caused by COVID-19 with an econo-
metric model to integrate the long- and short-term impacts under full statistical verifica-
tion. Simultaneously, BECP also plays an important role in building operation, energy 
efficiency assessment, fault detection and diagnosis [17], demand-side management 
[18,19], and maintenance [20]. 

Currently, BECP methods are mainly divided into three types: white box, black box, 
and gray box [21,22]. The white box, also called a physical model, is built and analyzed 
based on thermodynamic principles and detailed building energy characteristic infor-
mation. Commonly used building energy consumption simulation software programs in-
clude EnergyPlus, DesignBuilder, DeST, eQuest, TRNSYS, and DOE-2. These software 
programs can establish energy consumption prediction models according to the specific 
structural parameters of the buildings, outdoor meteorological data, and air-conditioning 
system performance. However, the disadvantage of a physical model is its requirement of 
multiple complex verification and adjustments to ensure satisfactory reliability of the pre-
dicted results. Therefore, scholars have developed a black-box model, also known as the 
data-driven method, which does not rely on thermodynamic principles and building en-
ergy characteristics. The data-driven method uses specific algorithms to analyze the col-
lected large datasets and mine the logic between the data to achieve automatic decision-
making. Compared with the physical model, data-driven methods are only based on large 
datasets and machine learning (ML) algorithms [23,24], which require a large data sample 
size. The gray-box model is a combination of a physical model and data-driven method 
to predict building energy consumption. Although the model offers improved prediction 
accuracy and reduced calculation difficulty compared with the physical model, the pro-
cess of establishing the model may incorporate inaccurate assumptions [22]. In general, 
black boxes provide greater practical convenience than white or gray boxes. The use of 
data analysis and mining of large datasets circumvents the necessity of building a physical 
model to forecast energy consumption. As presented in Figure 1 (data source: Web of sci-
ence), research on data-driven BECP has grown significantly since 2019. Owing to the de-
velopment of building intelligence and wide application of high-precision data collectors, 
abundant historical data are available for studying energy consumption prediction. By 
searching “data driven” and “building energy consumption prediction”, we found greater 
than 400 related research papers in this review. Considering the correlation of journal im-
pact factors, paper citations, and BECP, 116 research results strongly related to BECP, with 
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journal impact factors of greater than 6.0 or having higher than five citations, were se-
lected for this literature review. 

In this study, 116 research papers on data-driven BECP were reviewed from the per-
spective of data and ML algorithms, analyzed for the factors affecting data-driven build-
ing energy consumption prediction, and summarized for key techniques for prediction 
across time scales, building levels, and energy consumption types. Section 2 summarizes 
the research and application status of energy consumption prediction from the perspec-
tive of data and machine learning algorithms. Section 3 outlines the factors influencing 
data-driven BECP. Section 4 discusses the current situation and proposes directions for 
future research. Section 5 summarizes the main results of this study. 

 
Figure 1. Research statistics on application of the data-driven method in BECP. 

2. Application of Data-Driven Methods in Building Energy Consumption Prediction 
As depicted in Figure 2, the data-driven BECP process comprises five main parts: 

data acquisition, data preprocessing, data selection, data training, and application. Data 
are generally collected from building (energy) management systems and sensor records. 
Data preprocessing involves integrating the data for missing values, outliers, noisy data, 
or numerical discrepancies in the original data. Data selection involves extracting the 
building energy consumption phase characteristics as the main input data for prediction. 
Data training seeks the predicted and actual values of energy consumption to achieve a 
high prediction performance of the model. The application part forecasts the correspond-
ing building energy consumption as required. Therefore, the core of data-driven BECP 
comprises the data and algorithms. This section reviews the current research status of 
data-driven BECP from the perspectives of both data and ML algorithms. 

 
Figure 2. Data-driven method process in BECP. 
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2.1. Dataset Application 
The datasets (energy consumption features) required for BECP are mainly divided 

into meteorological data, building energy consumption equipment and system operation 
data (BESD), indoor environmental parameters, and building construction parameters 
(Table 1). 

Table 1. Building energy consumption features. 

Dataset Type Meteorological Data BESD 
Indoor 

Parameters 
Building Construction Param-

eters 

Dataset con-
tent 

Air dry-bulb tempera-
ture, air relative humid-
ity, solar radiation inten-
sity, dew-point tempera-

ture, wind speed, air 
pressure, etc. 

Air dry-bulb tempera-
ture, air relative hu-

midity, solar radiation 
intensity, dew-point 
temperature, wind 

speed, air pressure, etc. 

Air dry-bulb tempera-
ture, air relative hu-

midity, light intensity, 
pollutant concentra-

tion, temperature of in-
ner building envelopes, 

occupancy, etc. 

Surface-to-volume ratio, area-
of-enclosure structure, build-

ing height, orientation, overall 
heat transfer coefficient of 

building envelopes, solar radi-
ation heat gain coefficient of 

exterior wall, window–wall ra-
tio, sun-shading coefficient, 

etc. 

Meteorological data include outdoor air dry-bulb temperature, outdoor wet-bulb 
temperature, dew-point temperature, solar radiation intensity, wind speed, and air pres-
sure [25]. Li et al. [26] selected the outdoor dry-bulb temperature, relative humidity, and 
solar radiation intensity to predict the cooling load of an office building in Guangzhou. 
Ding et al. [27] used the outdoor dry-bulb temperature, wind speed, and solar radiation 
as input parameters to predict the heating load. Zhang et al. [28] used historical load days, 
and outdoor dry-bulb temperatures to predict the air-conditioning cooling load. Fumo et 
al. [29] used parameters such as maximum, minimum, and average values of temperature 
and humidity, dew point, average atmospheric pressure, average wind speed, and maxi-
mum wind speed to forecast the energy consumption of residential buildings. Gao et al. 
[30] used similar meteorological parameters to predict the energy consumption of three 
office buildings in Shandong Province, China. Bünninga et al. [31] used the actual ambient 
air temperature (measured on the roof) to predict the residential heat load at a site in Swit-
zerland. Yang et al. [32] used mutual information (MI) and principal component analysis 
(PCA) for feature selection and dimensionality reduction of multidimensional weather 
influences to avoid the interference of extraneous factors and to improve the computa-
tional speed. Meteorological data have also been applied to predict the electricity con-
sumption of water source heat pump systems [33,34] and energy consumption of screw 
chillers [35]. 

BESD are mainly based on historical building energy consumption data, HVAC sys-
tem operation data, lighting and socket power, and the power of other electrical appli-
ances. Shi et al. [36] used the energy consumption of sockets, lights, and air conditioners 
measured in real time every hour as the input data of the Echo State Network to predict 
office energy consumption. Fekri et al. [37] used three years of online smart-meter data on 
energy consumption and meteorological parameters to predict the BECP of five family 
homes. Kim et al. [38] used chilled water flow, cooling water temperature, external dry- 
and wet-bulb temperatures, dew-point temperature, and external relative humidity to 
predict the cooling load of a building. Nisa and Kun [39] used equipment-operation data 
such as condensate supply temperature, condenser return temperature, condenser water 
flow rate, evaporator supply and return temperatures, and power consumption to predict 
the power consumption of water-cooled chillers. Fan et al. [40] predicted the building 
cooling load from the water flow and temperature of the evaporator and condenser of the 
unit, which are part of the outdoor weather data. Fan et al. [41] used chiller operation data, 
such as water flow rate, total freezing water flow rate, chilled water supply and return 
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temperature, and outdoor weather data, as input data for the cooling load prediction 
model. Jeong et al. [42] used only historical data of the electric load for next-day load fore-
casting where the daily load shows certain patterns and jumps. Ahmad et al. [43] used the 
hourly electricity consumption of a building’s lighting system, air conditioning, elevators, 
and other equipment as input data for the BECP. 

Indoor parameters include indoor air dry-bulb temperature, air relative humidity, 
occupancy, light intensity, pollutant concentration, wall-surface temperature inside the 
envelope, and occupancy rate. Ding et al. [44] used indoor environmental data, such as 
CO2 concentration and PM2.5 concentration as well as meteorological data as input vari-
ables for the prediction model to predict the energy consumption of a green building in 
Shenzhen. Ding et al. [45] applied data on indoor parameters, such as regional air temper-
ature, regional relative humidity, number of occupants, and outdoor weather parameters, 
to predict the heating load of ground source heat pump units. Because of difficulties in 
measuring and quantifying real-time human activity, Sha et al. [46] substituted temporal 
index characteristics for personnel activity, such as hours in a day, days in a month or 
week, and months in a year, to represent actual occupancy changes and activity charac-
teristics. Li and Yao [47] incorporated occupant behavior into energy consumption char-
acteristics when predicting the spatial heating and cooling loads of a dwelling. 

Building construction parameters mainly include the surface-to-volume ratio, enve-
lope area, building height, orientation, heat transfer coefficient of the envelope, solar ra-
diation heat gain coefficient of exterior walls, window-to-wall ratio, and sun-shading co-
efficient. João et al. [48] predicted the energy consumption of diverse residences in terms 
of the relative room compactness, building surface area, wall area, roof area, total height, 
orientation, glazing area, and glazing area distribution. Joseph et al. [49] used the heat 
transfer coefficient of the envelope, window-shading coefficient, window-to-wall ratio, 
and BESD as input parameters to develop a multiple regression prediction model for en-
ergy consumption in office buildings under different climatic conditions in China. Qi et 
al. [50] predicted abnormally high energy consumption in urban buildings based on their 
construction and local meteorological data. 

The results of energy consumption prediction are limited by several input data and 
uncertainty among diverse types of input data, and the multi-collinearity of the input var-
iables affects the prediction accuracy when a dependent variable is used directly as the 
input variable without feature extraction [51,52]. Ding et al. [27] randomly formed eight 
combinations of input variables and compared them, and found that different combina-
tions of input variables resulted in prediction models with completely different accura-
cies. Fan et al. [53] determined the dry-bulb temperature, direct solar radiation, occupancy 
rate, lighting power, equipment power, and ventilation rate as the input characteristics 
for the cooling load prediction of an office building in Guangzhou by calculating the in-
fluence coefficient (IC) of numerous input parameters and energy consumption; the re-
sults revealed that the outdoor dry-bulb temperature and direct radiation were closely 
related to the cooling load. Sha et al. [54] used the Pearson correlation coefficient (PCC) to 
determine the daily cooling and heating degree day as the most significant parameter for 
predicting the daily electricity consumption of an HVAC. Li et al. [55] found that the out-
door air temperature and solar radiation intensity had a significant effect on the electricity 
of a teaching building by performing a PCA of the external meteorological parameters. 
Huang et al. [56] used the relative building compactness, surface area, wall area, roof area, 
overall height, orientation, glazing area, and glazing area distribution to predict the heat-
ing and cooling loads of residential buildings. 

2.2. Machine Learning Algorithm Application 
This section summarizes the current state of application of major ML algorithms in 

the literature by describing its role not only in energy consumption prediction but also in 
data preprocessing, feature extraction, and hyperparameter optimization. 
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2.2.1. Prediction Stage 
ML algorithms for prediction include LSTM, artificial neural network (ANN), back 

propagation (BP) neural network, multilayer perceptron (MLP), support vector regression 
(SVR), support vector machine (SVM), multiple linear regression (MLR), random forest 
(RF), and extreme gradient boosting (XGB). 

LSTM (Long- and Short-Term Memory) 
LSTM is a special recurrent neural network (RNN) that can effectively cope with gra-

dient-disappearance and gradient-explosion problems during the training of long se-
quences and performs better in long sequences compared with RNN. Sendra-Arranz and 
Gutierrez [57] used LSTM to predict the daily energy consumption of an HVAC system. 
Pittí et al. [58] proposed an LSTM-based model to predict the daily energy consumption 
of a heat pump in Teatro Real, Spain. Rosemary et al. [59] developed an encoder–decoder 
LSTM model for hourly, day-ahead forecasting of residential high-voltage alternating cur-
rent use and photovoltaic generation from load history data and outdoor meteorological 
parameters. Wang et al. [60] applied LSTM to predict miscellaneous electricity, lighting 
loads, number of occupants, and internal heat gains for double-office buildings in the 
United States. Jogunola et al. [61] extracted important features from a dataset using a CNN 
and used LSTM to predict the consumption for various buildings. Das et al. [62] proposed 
a bidirectional LSTM (Bi-LSTM) model to forecast electricity consumption for one day and 
one week. Ullah et al. [63] used LSTM, Bi-LSTM, and multilayer LSTM (M-LSTM) to pre-
dict dwelling energy consumption. Li et al. [64] applied K-means in combination with 
LSTM for load prediction at the span scale of building floors. Kim and Cho [65] combined 
CNN and LSTM to extract the spatiotemporal features of building energy consumption to 
effectively predict residential energy consumption. He and Tsang [66] proposed a hybrid 
network based on an improved fully integrated empirical modal decomposition with 
adaptive noise (iCEEMDAN) and LSTM for accurate short-term load predictions in col-
leges and universities. Ijaz et al. [67] used convolutional LSTM to extract and encode the 
spatial features of the data, and Bi-LSTM to decode and learn the sequence patterns, thus 
reducing the error of energy consumption prediction. He et al. [68] proposed a particle 
filter fusion method using LSTM and BP to predict the HVAC energy consumption in 
commercial buildings. Li et al. [69] predicted short-term peak demand forecasts for build-
ings based on LSTM, and Mughees et al. [70] used Bi-LSTM-based sequence-to-sequence 
(S2S) regression methods for one-day peak demand forecasting in emergency power out-
ages. Chalapathy et al. [71] proposed an LSTM-based RNN-multiple-input multiple-out-
put (MIMO) structure that performed well at both 1 h and one-day multi-step prediction 
levels for office buildings, hospitals, and shopping malls. In terms of average absolute 
error, RNN-MIMO exhibited 33% greater average accuracy than the present state-of-the-
art shallow ML models (SVR and XGB). Hyperparameters and energy consumption data 
with anomalies determined through limited empirical and discounted experimental data 
can lead to a poor LSTM prediction performance. Salah et al. [72] chose two evolutionary 
metaheuristics (genetic algorithm [GA] and particle swarm optimization [PSO]) to opti-
mize the performance of the LSTM model for power load prediction, and demonstrated 
that the model significantly outperformed SVR, RF, ANN, and manually tuned paramet-
ric LSTM. 

ANN (Artificial Neural Network) 
ANNs have performed well in various complex and difficult tasks with high tem-

poral resolutions in the prediction of short-term heating loads in buildings [31]. Zhu et al. 
[73] used an improved differential evolutionary algorithm to optimize the hyperparameters 
(initial weights and thresholds) of an ANN to forecast the energy consumption of an HVAC. 
Yaser et al. [74] used an ANN to predict the daily energy consumption of a laboratory fan 
coil system. Byeongmo et al. [75] proposed an ANN-based control method for a DSF office 
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building in a humid-heat environment with 4.5% cost savings. Muralitharan et al. [76] used 
a GA and PSO to optimize an ANN that automatically adjusted the hyperparameters. 

Other special ANNs include MLP, BP neural network, Elman neural network, and 
echo state network (ESN). Andrew et al. [77] used an MLP to optimize the energy con-
sumption of an HVAC while maintaining the thermal comfort of a building under uncer-
tain occupancy levels. Mitali et al. [78] predicted the HVAC energy consumption of resi-
dential buildings using BP. Ruiz et al. [79] established a method based on the Elman neu-
ral network to forecast the energy consumption of buildings at the University of Granada 
to improve their energy use efficiency without compromising on comfort and health. Shi 
et al. [36] used the ESN to predict office energy consumption. 

SVM and SVR (Support Vector Machine and Support Vector Regression) 
In the context of BECP, SVM (or SVR) is based on nonlinear mapping that maps input 

data to a high-dimensional space for linear regression, and finally obtains the effect of 
nonlinear regression on the original input space [80]. Zhong et al. [81] used SVR to predict 
the cooling load of a large office building in Tianjin. Li et al. [26] developed a time-by-time 
building cooling load prediction model based on SVM and BP, and applied it to the cool-
ing load prediction of an office building in Guangzhou. The prediction results revealed 
that SVM was more accurate than BP. Ding et al. [80] developed GA-SVR and GA-WD-
SVR models to predict the cooling load of an office building at different time scales and 
found that GA-SVR predicted the next-day cooling load better, whereas GA-WD-SVR was 
better at predicting the 1-h cooling load. Paudel et al. [82] used an SVM to predict the 
thermal loads of a low-energy building and found that the method using relevant data as 
input has a better accuracy (root mean square error [RMSE] = 3.4) than the full data mod-
eling method (RMSE = 7.1). Seyedzadeh et al. [83] compared SVM, RF, RNN, XGB, and 
other algorithms for predicting the cooling and heating loads of commercial and residential 
buildings, and reported that SVM is the best choice for relatively simple data. To refine the 
effects of outdoor meteorological parameters on cooling and heating loads, Zhao and Liu 
[84] first performed wavelet transform (WT) noise reduction on historical energy consump-
tion data, and then used features with low correlation with loads for partial least squares 
(PLS) prediction and features with high correlation for SVM prediction to significantly im-
prove the prediction accuracy. Ngo et al. [85] developed a novel time series wolf-inspired 
optimization SVR model (WIO-SVR) to predict cross-building energy consumption. 

RF (Regression Trees) 
RF is an integration predictive model comprising several regression trees, and it uses 

them to train and predict the samples. It can automatically perform feature selection to 
determine the interaction between different variables without feature selection, and can 
still maintain high prediction accuracy in the case of missing features. Wang et al. [86] 
used the RF model to forecast the hourly electricity consumption of two teaching build-
ings in Florida. Seyedzadeha et al. [87] used RF to predict the cooling and heating loads of 
multiple residential and commercial buildings. Rana et al. [88] predicted the one-month 
cooling load of a large retail shopping center and an office building in Australia based on a 
divided number regression forest. Ahmad et al. [89] used a binomial decision tree, tight re-
gression Gaussian process model, stepwise Gaussian process regression, and generalized 
linear regression models to predict monthly, quarterly, and annual electricity consumption. 

XGB (Extreme Gradient Boosting) 
XGB can handle nonlinear relationships well without considerable adjustment, and 

is a gradient-boosting decision tree designed for speed and performance [29]. João et al. 
[48] proposed a hyperparametric adaptive XGB model based on the Jaya algorithm to 
forecast the energy consumption of residential buildings. Lu et al. [90] used XGB to fore-
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cast the energy consumption of a water tower because of its ability to optimize the pre-
diction by smoothing raw data with large fluctuations. Feng et al. [91] used XGB to predict 
the cooling loads of three houses in the United States in hot, humid, cold, and dry climates. 

MLR (Multiple Linear Regression) 
MLR models establish a linear relationship between building energy and input data 

to predict energy consumption [52]. Nelson and Biswas [92] used linear regression to pre-
dict residential 1 h versus one-day HVAC energy consumption and found that the quad-
ratic regression model provided better results at shorter time scales (1 h) and not at longer 
ones (1 d). Fan and Ding [93] predicted the hourly cold load of a large library using a 
simplified multiple nonlinear regression (MNR) model. Chen et al. [94] developed a PB-
MLR model to predict the time-wise cold load of office buildings in response to the prob-
lem of weak generalization of prediction models trained on small samples. 

Other Machine Learning Algorithms 
A few emerging or still developing algorithms have also been proposed in addition 

to the aforementioned mainstream algorithms. For example, Munkhammar et al. [95] used 
a Markov chain mixed distribution model for short-term forecasting of residential elec-
tricity load. Gonzaga et al. [96] used nonlinear autoregressive (NAR) and nonlinear auto-
regressive neural networks with exogenous inputs (NARX) to forecast the future two-year 
energy consumption of public buildings. Lyes et al. [97] proposed an ML model to predict 
household electricity consumption using a smooth wavelet transform and transformer-
based model. 

2.2.2. Data Preprocesssing 
ML algorithms commonly used for data preprocessing include the following: nor-

malization, Monte Carlo method (MCM), sliding window, wavelet decomposition (WD), 
wavelet transform (WT), clustering algorithms, and generative adversarial networks 
(GAN). Kim et al. [38] normalized the data, removed missing values, and used a NARX 
model with diverse hyperparameters to forecast building cooling load. The results re-
vealed higher prediction accuracy compared with no data preprocessing. Zhao et al. [98] 
used MCM to preprocess the data, and the predicted results of the cold load were closer 
to the actual values compared with those obtained without preprocessing. Fan et al. [51] 
performed an MCM simulation for offline calibration and stochastic processing of input 
variables, selected significant variables for predicting the cooling load, and used SVM to 
predict the cooling load of a library in Guangzhou. They found that the uncertainty of all 
data were reduced to different degrees after correction. Zhao and Liu [84] segmented office 
building cooling load data into high and low frequencies based on WT to distinguish week-
day and non-weekday loads. Tian et al. [99] used density-based spatial clustering noise for 
the clustering of electricity demand to classify buildings into different types to facilitate en-
ergy consumption prediction. To address the problem of insufficient raw data, Tian et al. 
[100] used GAN to generate artificial data supplements and found after comparing the over-
all residential energy consumption predictions that the accuracy of data-driven predictions 
based on hybrid data was better than that based on pure historical data. 

2.2.3. Feature Extraction 
Commonly used ML algorithms for feature extraction include the residential PCA, 

K-means clustering algorithm, PCC, Spearman correlation coefficient (SCC), and Taguchi 
method (TM). Li et al. [55] analyzed the impact of meteorological parameters on the elec-
trical energy of an academic building using PCA. Guo et al. [52] determined the input 
parameters for the daily average cold load prediction of an office building using PCA. 
Khan et al. [101] used the K-means algorithm to extract all typical load profiles to infer 
information related to the year-round operational behavior of the building. Sha et al. [54] 
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calculated the PCC between meteorological parameters and HVAC system power con-
sumption, and determined that the dry-bulb temperature was the most relevant factor for 
energy variation in HVAC systems. Huang and Li [56] used SCC to analyze building con-
struction parameters and explore the main factors affecting the prediction of thermal and 
cooling loads in residential buildings. Sholahudin and Han [102] used TM to study the 
most significant meteorological parameters affecting the prediction of building heat loads. 
Tesfaye and Matti [103] used a binary GA and Gaussian process regression to extract the 
input features of the prediction model. Wang et al. [104] used ResNet to extract the com-
plex and significant features of building load sequences. 

2.2.4. Hyperparameter Optimization 
ML algorithms used for hyperparameter search include the following: GA, PSO, par-

tial least squares (PLS), Bayesian optimization (BO), K-fold cross-validation, sine cosine 
optimization algorithm (SCOA), gray wolf heuristic algorithm (GWO), taught optimiza-
tion approach (TLBO), imperialist competitive algorithm (ICA), and ant colony search al-
gorithm (ACO). Luo [105] used GA to determine the optimal structure of each deep neural 
network sub-model as a suitable feature dataset to accurately predict the energy consump-
tion for outdoor weather conditions in different seasons. Chen [94] used PSO to optimize 
PB-MLR for office building cooling load prediction. Li et al. [106] used PLS to optimize 
the weights of functionally weighted single-input rule modules to connect the fuzzy in-
ference systems prediction model. He and Tsang [66] used BO for the automatic optimi-
zation of hyperparameters in LSTM during prediction. Nivethitha et al. [107] used SCOA 
to optimize the learning rate, weight decay, momentum, and number of hidden layers of 
KCNN-LSTM for a better prediction of building energy consumption. Dan et al. [108] used 
an elite GA (EGA) to optimize LSTM to predict the electricity consumption in office and 
commercial buildings. Ding et al. [80] used GA and K-fold cross-validation algorithms to 
optimize the SVR for one-day and 1 h predictions of office building cooling loads. 
Seyedzadeh et al. [83] used K-fold cross-validation to test the combination of model hy-
perparameters. Nikhil and Ahn [109] proposed the shuffled frog-leaping algorithm 
(SFLA)–optimized regression tree integration to predict HVAC system energy consump-
tion. Chitsaz et al. [110] trained an autoregressive wavelet neural network using the Le-
venberg-Marquardt (LM) algorithm to forecast electricity consumption in schools. Huang 
and Li [56] used ACO to optimize the predictive capability of a wavelet neural network 
for cooling and heating loads in residential buildings. Li et al. [55] used a new hybrid 
method, TLBO-ANN, to optimize neural network parameters to enhance the 1 h predic-
tion accuracy of ANN for building energy. Hyperparameter optimization not only im-
proves the accuracy of prediction, but also provides the possibility of prediction across 
time scales, building levels, and energy consumption types. 

In the 116 papers, classified based on energy consumption feature data, Figure 3 il-
lustrates that meteorological data, BESD, indoor environmental parameters, and building 
construction parameters accounted for 42%, 39%, 12%, and 7% studies, respectively. In 
studies based on the ML algorithms for predicting energy consumption, LSTM and ANN 
accounted for 16% and 10%, respectively, with XGB, SVR, and MLR each used in 6% of 
the studies. 
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(a) (b) 

Figure 3. Distribution of the reviewed papers according to (a) type of the energy consumption fea-
ture data; and (b) type of ML algorithm used for BECP. 

As illustrated in Figure 4, according to the building type (Figure 4a), office buildings, 
residential buildings, academic buildings, commercial buildings, and retail stores ac-
counted for 29%, 21%, 16%, 6%, and 4%, respectively, with libraries, laboratories, and hos-
pitals accounting for 3% each. Among the different components influencing building en-
ergy consumption (Figure 4b), overall electrical energy contributes 41%, HVAC 22%, re-
frigeration 21%, heating 12%, and lighting and outlets 5%. According to the time scale of 
prediction (Figure 4c), the one-day scale was used in the maximum studies, accounting 
for 34%, followed by 28% for 1 h, and other time scales such as one month and one week 
accounting for less than 5%. 

  
(a) (b) 

 
(c) 

Figure 4. Distribution of the reviewed papers according to (a) type of building; (b) type of building 
energy consumption; and (c) type of prediction time scale. 

3. Factors Affecting Data-Driven Building Energy Consumption Prediction 
This review summarized the factors affecting data-driven BECP based on the varia-

bility of accuracy metrics. The accuracy metrics were divided into: RMSE, coefficient of 
variation (CV), mean absolute percentage error (MAPE), mean absolute error (MAE), root 
mean squared error (MSE), and coefficient of determination (R2). 
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RMSE = ∑ (y , − y , )n  (1)

CV(%) = RMSEy × 100 (2)

MAPE(%) = 1n y , − y ,y , × 100 (3)

MAE = 1n y , − y ,  (4)

MSE = 1n (y , − y , )  (5)

R = 1 − ∑ (y , − y , )∑ (y , − y )  (6)

Here y ,  is the ith predicted data, y ,  is the ith measured data, n is the total num-
ber of data, and y  is the average value of the total measured data. 

3.1. Data 
3.1.1. Data Preprocessing 

In addition to the ML algorithms introduced in Section 2.2.2 for data processing, such 
as noise reduction, decomposition, and smoothing, data processing methods for anomalies. 
Quartile spacing rules is used to reject outliers [111]. The interpolation method can be used 
to supplement missing data [112–115] to ensure that the time series is complete. However, 
the interpolation method is subject to errors, and certain scholars have chosen to directly 
eliminate the missing values [65]. In addition, the data have to be normalized for differences 
in values and magnitudes among different energy consumption features [116,117]. 

Data preprocessing can reduce the computation time of ML algorithms, improving 
their prediction efficiency. Kim et al. [38] used NARX to forecast the cold load of offices 
after normalizing the data and removing missing values; experimental results revealed 
that although the CV reached a maximum of 27.6% before removing the missing values, 
it decreased to 11.1% after the removal. Zhao et al. [98] used SVM to predict the cold load 
of an office building for 24 h after preprocessing the meteorological parameters using 
MCM, and obtained improved accuracy compared with the unprocessed case, with the 
MAPE reducing from 11.54% to 10.92% (Table 2). The GA-SVR model proposed by Ding 
et al. [80] successfully predicted the next one-day cold load. An improved model (GA-
WD-SVR) based on GA-SVR was combined with wavelet operators to decompose the his-
torical load data to obtain a multiband load signal, and predicted the cold load for the 
next 1 h with greater efficiency, demonstrating that data preprocessing affects the predic-
tion on different time scales. Chou et al. [118] developed LSTM models based on ensemble 
empirical mode decomposition (EEMD) and WT with data noise reduction, respectively, 
and found that EEMD-LSTM had the lowest MAPE mean (7.6%), compared with LSTM 
and WT-LSTM, in predicting the energy consumption of 20 buildings (industrial, educa-
tion, commercial, government, and residential); further, SPSS statistical tests revealed that 
EEMD-LSTM is significantly different compared with the other two models, whereas 
LSTM and WT-LSTM are similar to each other. 
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Table 2. Accuracy comparison of different data preprocessing methods. 

Reference Building Type Prediction Algorithm Time Scale 
Data Preprocessing 

Method Metric 

[98] Office SVR 24 h 
MCM 10.92% (MAPE) 

- 11.54% 

[80] Office GA-SVR 
1 day 

- 11.77 (RMSE) 
WD 12.06 

1 h 
- 10.80 

WD 8.18 
MAPE: mean absolute percentage error; RMSE: root mean square error. 

3.1.2. Feature Extraction 
Excessive data input can lead to long training times and reduced model efficiency 

[119]. Appropriate data selection (energy consumption feature extraction) is key to the 
accurate prediction of building energy consumption, not only reducing the prediction 
time but also ensuring the consistency of the prediction accuracy [120]. Table 3 presents 
the effective improvement in the accuracy of the prediction models after feature extraction 
and the prediction results achieved using different feature extraction methods. While pre-
dicting the daily average cooling load of two office buildings in Tianjin, the use of PCA-
extracted features resulted in a MAPE of less than 8.0%. Huang and Li [56] used SCC to 
analyze the eight most influencing factors in building construction and found that roof 
area and overall height had the greatest influence on the heating and cooling loads of 
residential buildings. Liang [121] found that although outdoor air temperature is a vital 
data source for predicting HVAC energy consumption, occupancy has a greater effect on 
the total building energy consumption than HVAC energy consumption because of its 
direct effect on plug and lighting loads. 

Outdoor dry-bulb temperature and direct radiation are closely related to office cool-
ing loads [53]. The outdoor daily maximum, average, minimum, and dew-point tempera-
tures are the most important features influencing the overall energy consumption of office 
buildings [122]. Relative humidity ratio, wind speed, solar radiation, and dry-bulb tem-
perature are the most relevant factors affecting the variation in HVAC energy consump-
tion [54]. The outdoor air dry-bulb temperature and intensity of solar radiation have a 
major influence on the electrical energy of an academic building [55]. Outdoor dry-bulb 
temperature and wind speed have great effects on dwellings than dew-point temperature, 
direct normal radiation, and diffuse horizontal radiation [102]. It can be observed in Table 
4 that outdoor temperature is a vital meteorological parameter affecting building energy 
consumption, and the prediction accuracy can be effectively improved after feature ex-
traction. 

Table 3. Comparative prediction accuracy of different energy consumption feature selection methods. 

Reference Energy Type 
Feature Selection 

Method Prediction Algorithm Metric 

[53] HVAC 

IC ARX 28.3 (MAE) 
- ARX 51.1 
- MLR 91.6 
- AR 112.9 

[45] Total 

PCA + CA + WD 

SVR 

6.00 (MAPE) 
CA + WD 9.50  
CA + WD 9.50  

CA 11.40  
[40] Total PCC MLR 32.9 (CV) 
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SVR 21.6 
ANN 25.1 
XGB 19.3 

STAT 

MLR 34.3 
SVR 25.3 

ANN 24.9 
XGB 19.3 

AE 

MLR 30.2 
SVR 20.2 

ANN 23.5 
XGB 19.0 

CAE 

MLR 30.1 
SVR 20.7 

ANN 22.5 
XGB 18.3 

GAN 

MLR 26.4 
SVR 21.3 

ANN 20.1 
XGB 17.7 

MAE: mean absolute error; MAPE: mean absolute percentage error; CV: coefficient of variation. 

Table 4. Correlation between energy and meteorological parameters. 

Reference Feature Selec-
tion Method 

Energy 
Type 

Building 
Type and Loca-

tion 

Outdoor Tem-
perature 

Outdoor Hu-
midity 

Wind 
Speed 

Solar Radi-
ation 

[104] PCC Total 
Laboratory A 0.75 −0.21 0.03 - 
Laboratory B 0.69 −0.09 0.05 - 

Office 0.43 −0.14 0.16 - 

[54] Correlation coef-
ficient 

Cooling Retail building 0.91 −0.21 −0.05 0.47 
Heating −0.83 −0.15 0.21 0.07 

[123] SCC HVAC Office 0.89 0.16 - - 

[124] 
Influence coeffi-

cient Cooling 
Library, Guang-

zhou, China 1.84 0.351 −0.017 0.291 

[125] PCC Total 

Academic build-
ing, Bangkok, 

Thailand 
0.50 −0.36 - 0.56 

Laboratory, Hy-
derabad, India 

0.57 −0.35 - 0.46 

Office, Virginia, 
USA 0.74 −0.26 −0.02 - 

School, New York, 
USA 0.51 −0.07 −0.04 - 

Store, Massachu-
setts, USA 0.76 −0.10 0.02 - 
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3.2. Prediction Model 
3.2.1. Hyperparameter 

ML algorithms for hyperparameter optimization can be divided into empirical meth-
ods and grid random search. 

Although the empirical method is easily operable by manually setting the hyperpa-
rameters, a certain professional knowledge of the algorithm and data is required, limiting 
the generalization of the model. Grid random search addresses this point well by search-
ing the parameter domain completely or randomly for tuning. However, because check-
ing all combinations is generally impractical [126], an optimization-seeking algorithm is 
required to for tuning the hyperparameters. Luo [105] used GA to determine the optimal 
structure of each deep neural network sub-model as a suitable feature dataset for accurate 
energy consumption prediction based on outdoor weather conditions in different seasons. 
Dan et al. [108] used EGA to optimize the LSTM, resulting in better accuracy, robustness, 
and generalization ability compared with those of base models such as LSTM and SVR. 
As presented in Table 5, Salah et al. [72] found that LSTM, improved by GA and PSO 
optimization, provided higher-accuracy predictions than the original LSTM. João et al. 
[48] used the modified Jaya (mJaya) hyperparametric adaptive XGB model to predict res-
idential building energy consumption and demonstrated better prediction accuracy over 
other algorithms. Nivethitha et al. [127] optimized the learning rate, weight decay, mo-
mentum, and number of hidden layers of LSTM using an improved SCOA, and achieved 
a reduction in the average absolute percentage error of the prediction results from 4.3221 
to 3.3159. Muralitharan et al. [76] used GA and PSO to optimize ANN and found that GA-
ANN and PSO-ANN have greater suitability for short-term and long-term energy fore-
casting, respectively. In summary, hyperparameter tuning not only improves the accuracy 
of forecasting, but also facilitates forecasting across time, buildings, and energy scales. 

Table 5. Comparative accuracy of different hyperparameter optimization algorithms. 

Reference Energy 
Type 

Period 
Hyperparameter 
Optimization Al-

gorithm 

Prediction 
Algorithm 

Metric 

[72] Total 1 day 

GA LSTM 0.621 (CV) 
PSO LSTM 0.622 

- 
Multi-se-

quence LSTM 0.643 

- RF 0.805 
- SVR 0.835 
- Extra TR 0.889 
- ANN 1.311 

[48] 

Heating - 

mJaya 

XGB 

0.437 (average RMSE) 
PSO 0.454 
Jaya 0.473 
BHO 0.475 
GWO 0.482 
ALO 0.485 
DA 0.517 
CS 0.523 
DE 0.525 
GA 0.607 

Cooling - 

mJaya 

XGB 

1.182 (average RMSE) 
PSO 1.191 
Jaya 1.260 
BHO 1.226 
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GWO 1.256 
ALO 1.253 
DA 1.229 
CS 1.352 
DE 1.371 
GA 1.446 

[127] Total 1 year 

ISCOA LSTM 3.3159 (MAPE) 
PSO LSTM 4.115 
SCA LSTM 4.3221 
GA LSTM 5.3272 

DBN Regression 10.3215 
SV Regression 13.107 
- ARINA 27.8963 

[66] Total 1 h 

BO LSTM 4.6458 (MAPE) 
- LSTM 6.6107 
- GRU 5.5063 
- RNN 9.9572 
- SARIMA 12.7770 

[76] Total 

1 day 
- CNN 0.541 (MSE) 

PSO ANN 0.495 
GA ANN 0.391 

1 month 
- CNN 0.492 (MSE) 

PSO ANN 0.479 
GA ANN 0.387 

1 year 
- CNN 0.513 (MSE) 

PSO ANN 0.408 
GA ANN 0.429 

CV: coefficient of variation; average RMSE: average root mean square error; MAPE: mean absolute 
percentage error; MSE: root mean squared error. 

3.2.2. Machine Learning Algorithm 
The accuracy of ML algorithms that drive the BECP is influenced by the energy con-

sumption type, building type, data capacity, and time scale. In other words, ML algorithms 
are selective for different energy consumption requirements, building types, data volumes, 
and time scales. Nikhil [109] proposed an SFLA optimized with regression tree integration, 
and compared it with stepwise regression (STR) and Gaussian process regression (GPR) 
based on different kernel functions. The proposal method performed better than STR and 
GPR in predicting residential cooling, heat load, and HVAC system energy consumption. 

Regarding the use of ML algorithms for the selection of building types: Gao et al. 
[128] used ANN, LSTM, and CNN for hourly prediction of multiple-source energy con-
sumption in multiple building types and found that LSTM outperformed the ANN and 
CNN models for hospitals and large hotels whereas it underperformed for offices, retail 
stores, shopping streets, and supermarkets. Across all tasks, better results were observed 
in the task of predicting total gas and electricity consumption than in predicting segment-
wise energy consumption, such as fans, cooling, heating, and other indoor equipment. In 
addition, electricity-related predictions produced better results than natural gas–related 
predictions, and LSTM models outperformed CNN models for most building types, with 
better suitability for such multivariate predictions. 

Regarding ML algorithms for the choice of time scale: Fan [124] proposed a multivar-
iate nonlinear regression model (MNR) for fast prediction of cold loads in large public 
buildings and compared the prediction performance of MLR, AR, ARX, and BP at diverse 
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time scales, and found that with less training data, simple hardware, and lower computa-
tional complexity, MNR can predict cold loads quickly in the short term, as shown in Ta-
ble 6. The RNN-MIMO-LSTM [71] model performed well in predicting the 1 h and one-
day cold loads in office buildings, hospitals, and shopping malls compared with tradi-
tional LSTM models, and performed better than shallow learning methods over a longer 
time horizon. Wang and Hong [129] discussed the effects of forecast period and input 
features on load forecasting accuracy and algorithms and found that LSTM performs bet-
ter in 1 h forecasting and exhibits greater stability to input uncertainty, and that the tem-
poral information retained by LSTM helps isolate forecast and inaccurate weather param-
eters. XGB performs better in 24 h forecasting because the sequence information captured 
by LSTM may be less relevant and therefore less helpful for 24 h prediction. 

Regarding the use of ML algorithms for data selection: Fan et al. [41] compared the 
prediction performance of recursive methods, direct methods, and MIMO models, and 
demonstrated that direct methods based on recursive models yield the most accurate pre-
diction results without a significant increase in computational effort, and that both LSTM 
and GRU can better preserve temporal correlation in long time series compared with tra-
ditional recursive units, and that GRU has a shorter computational time than LSTM. As 
presented in Table 6, Zhang et al. [28] compared the prediction accuracy of the ARX and 
MLP models using the cooling load data of a single-story factory in Shanghai for two cool-
ing seasons (2017 and 2018) as a dataset, and found that ARX was comparable with and 
simpler than MLP for large sample data and small variable dimensions. Kim [123] found 
that changing the number of neurons in an ANN has no significant effect on the prediction 
accuracy, whereas adding to the number of input variables and adjusting the proportion 
of training data can effectively improve the prediction accuracy. 

In addition, combining several prediction models can offset random errors and 
achieve more accurate predictions in certain cases [130]. Bedi et al. [131] compared the 
performance of two developed models (the Elman RNN model and exponential model) 
for real-time and near-term power consumption estimation and prediction in the labora-
tory, and reported that the Elman RNN model outperformed the exponential model. Ding 
et al. [44] proposed an EDA-LSTM model to forecast the energy consumption of a green 
building for one year, and reported a reduction in the RMSE of the model by 89% com-
pared with that using LSTM. Wang et al. [104] proposed a ResNet-based DCNN model 
that outperformed ResNet, GRU, and LSTM in BECP for two experimental buildings and 
an office in Switzerland. Therefore, the prediction performance of integrated algorithms 
is generally better than that of a single classical algorithm. 

Table 6. Comparative accuracy of different ML algorithms. 

Reference Building Time Scale Model Metric 

[28] One-story factory 
workshop 

1 h 
MLP 11.5% (CV) 
ARX 11.60% 

2 h 
MLP 15.4% (CV) 
ARX 15.80% 

3 h 
MLP 18.0% (CV) 
ARX 18.90% 

4 h 
MLP 19.2% (CV) 
ARX 20.70% 

[71] Market 1 day 

XGB 24.13 (RMSE) 
SVR 29.19 

RNN-MIMO 34.8 
S2S 36.66 

RNN-Recursive 37.45 
Naive-LE 320.02 
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Office 1 day 

XGB 15.38 (RMSE) 
SVR 16.47 

RNN-Recursive 27.65 
RNN-MIMO 28.52 

S2S 28.88 
Naive-LE 69.23 

Hospital 1 day 

SVR 31.95 (RMSE) 
S2S 32.97 

RNN-Recursive 34.25 
RNN-MIMO 34.4 

XGB 37.21 
Naive-LE 203.11 

CV: coefficient of variation; RMSE: root mean square error. 

4. Discussion and Outlook 
Energy consumption features are closely related to climatic conditions, building en-

ergy consumption types, building functions, structures, etc. When selecting energy con-
sumption features, multiple covariance between features (i.e., weak correlation) should 
be avoided, and a strong correlation between features and energy consumption should be 
ensured to improve the prediction performance. In Figure 3, indoor environmental pa-
rameters account for only 12%; on the one hand, because data-driven BECP is a dynamic 
process and indoor environmental factors (indoor temperature, humidity, light intensity, 
etc.) are basically in a relatively stable state, they do not significantly influence the energy 
consumption compared with meteorological parameters and BESD. However, on the 
other hand, individual indoor parameters (e.g., indoor occupancy) are not precise and 
directly collectible, and they need to be mined, for example, by using temporal index fea-
tures [46] or personnel heat disturbance [132]. However, the two methods mentioned 
above are insufficient to represent the real situation, and the building occupancy rate may 
vary across buildings; therefore, the actual occupancy rate should be considered accord-
ing to the building function. Second, the building construction parameters account for 7% 
of the total factors. Because building construction parameters are essentially constant and 
less relevant to short-term energy consumption forecasting than meteorological data and 
BESD are, this results in the low use of current hour-wise and day-wise forecasting. How-
ever, building construction parameters are potentially key energy consumption features 
in cross-building level forecasting. In addition, if sufficient data are available from differ-
ent buildings, cross-building layer prediction can be achieved using feature extraction [64] 
and by finding the optimal hyperparameters in the training and testing datasets [85]. 

Among the total classified building types in this study (Figure 3), office buildings, 
residential buildings, academic buildings, commercial buildings, and retail stores ac-
counted for 29%, 21%, 16%, 6%, and 4%, respectively, with libraries, laboratories, and hos-
pitals accounting for 3% each. The building is more functional, and its energy composition 
and data type are more complex (e.g., hospitals [133]). Direct training of prediction models 
would lead to large prediction errors and more time costs, so building energy consumption 
data needs to be clustered, noise reduced, or classified. As discussed in Section 3.1.1, suitable 
preprocessing of energy consumption data can improve prediction performance and even 
facilitate cross-time-scale prediction. When processing collected raw data, considering the 
most suitable preprocessing method for the type of energy consumption predicted, predic-
tion time scale, and type of algorithm for prediction is necessary. 

Based on the statistics of the algorithm driving the prediction, LSTM, ANN, XGB, 
SVR, MLR, SVM, RF, and other algorithms have been widely applied to BECP. To date, 
no one algorithm can achieve superlative prediction performance because of being limited 
by the type of data, time scale of prediction, and hyperparameters. Choosing the right 
forecasting model is not simple, and highly complex models are not always the best [134]. 
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For example, the most widely used LSTM relies on a large amount of training data to 
determine the hyperparameters, resulting in a prediction performance that depends on 
the effects of the training set. The data-driven model is suitable only when the prediction 
conditions are approximately within the range of the training data. Declining equipment 
or building performance, changes in residents or outdoor environment, and other reasons, 
the running performance of the building energy system will change accordingly. The 
data-driven model is not applicable, and the model accuracy decreases with an increase 
in the difference between the test and training data [125]. Therefore, the model needs to 
be retrained and updated to enhance its accuracy [119]. Although the prediction accuracy 
of classical algorithms can be improved by integrating multiple algorithms, the time cost 
of prediction will change accordingly; therefore, accuracy should not be overemphasized 
by ignoring speed. To ensure a balanced improvement in the prediction performance, the 
models proposed in future studies need to consider both accuracy and speed. 

According to the forecast time-scale statistics in the reviewed studies, one-day and 1 
h predictions accounted for 34% and 28%, respectively, whereas long-term predictions 
(e.g., one week, one month, one year) were used in less than 5% of studies. The energy 
consumption prediction for a single building is mainly used for fast response control of 
the energy system and improving the energy efficiency. In addition, the short-term fore-
cast is in line with actual needs. For example, short-term heating load prediction is con-
ducive to the optimization of HVAC operation, whereas ultra-short-term heating load 
prediction is conducive to the detection of large load fluctuations [45]. In addition, long-
term forecasts may encounter cross-season conditions, and both the structure and system 
operation of building energy consumption vary, leading to large fluctuations in data and 
insignificant characteristics of energy consumption, resulting in inaccurate predictions. 
Luo [105] found noticeably different outdoor climate conditions in different seasons and 
proposed seasonal modeling, which produced better prediction results than for continu-
ous prediction throughout the year. In addition, different prediction models can be used 
for different time periods to distinguish between the prediction of hot and cold loads. 

5. Conclusions 
In this study, we reviewed 116 research papers on data-driven prediction of building 

energy consumption from the perspectives of data and ML, analyzed the factors affecting 
data-driven building energy consumption prediction, and summarized and discussed key 
techniques for prediction across time scales, building levels, and energy consumption 
types. The overview results revealed that meteorological data are the most used feature 
set (up to 42%) in building energy consumption prediction compared with building en-
ergy consumption equipment and system operation data, indoor parameters, and build-
ing construction parameters, while outdoor dry-bulb temperature is the most important 
parameter affecting building energy consumption. Among the three segments of data pre-
processing, selection, and training, it was found that data preprocessing and energy con-
sumption feature extraction can improve the prediction performance of the model, 
whereas ML algorithms can improve the prediction accuracy of the model through mul-
tiple algorithm integration and hyperparameter optimization. In addition, data prepro-
cessing can achieve cross-time-scale prediction, energy consumption feature extraction 
can achieve cross-energy consumption type prediction, and hyperparameter search can 
achieve cross-time-scale and cross-building layer prediction. 
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