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a b s t r a c t 

Energy consumption models play an integral part in energy management and conservation, as it pertains 

to buildings. It can assist in evaluating building energy efficiency, in carrying out building commissioning, 

and in identifying and diagnosing building system faults. This review takes an in-depth look at energy- 

demand prediction models for buildings in that it delves into recent developments in building energy 

approaches used to predict energy usage. By enlisting current approaches to the modelling of buildings, 

methods for building energy simulations can be categorized into four level classes as follows: (i) data- 

driven approaches; (ii) physics-based approaches; (iii) large scale building energy forecasting approaches; 

and (iv) hybrid approaches. The focus of this review is to target the data-driven approach and large- 

scale building energy predicting-based approaches. Here the data driven approaches can be categorized 

by (1) artificial neural network based approaches; (2) clustering based approaches; (3) statistical and 

machine learning-based approaches; and (4) support vector machine based approaches. From there, the 

type of data-driven based approach is further grouped by (a) benchmarking models; (b) energy-mapping 

models; (c) energy forecasting models; and (d) energy profiling models. Large-scale building-energy pre- 

diction techniques is then categorized as follows: (1) white-box based approaches; (2) black-box based 

approaches, and (3) grey-box based approaches. The current study explores first-rate data-driven based 

approaches about building energy analysis for industrial, commercial, domestic, etc., within a rural and 

urban setting. This review paper is based on the necessity of identifying points of departure and research 

opportunities for urban and rural-level analyses of building level energy performance. A variety of issues 

are explored which include: energy performance metrics; end-use of different building types; multiple 

levels of granularity; and urban and rural scales. Each technique encompasses a variety of input infor- 

mation as well as varying calculations or simulation models along with furnishing contrasting outcomes 

that suggest a variety of usages. A thorough review of each technique is presented in this study. This 

review highlights strengths, shortcomings, and purpose of the methods of numerous data-mining based 

approaches. A comprehensive review of energy forecasting models that are specified in the literature part 

is also provided. 

© 2018 Elsevier B.V. All rights reserved. 

1. Introduction 

Building energy use prediction models play an integral part in 

energy management and conservation. These models can assist in 

examining the energy efficiency of buildings; in the construction 

of commission activities; detecting building system faults; and in 

identifying those faults. According to how specific it is, predicted 

energy could be categorized into the following five categories: (1) 

whole building energy/electricity; (2) heating and cooling energy; 
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(3) heating energy; (4) cooling energy; (4) and (5) all others. Fig. 1 , 

differentiates the percentages of the energy as mentioned earlier 

types [1] . 

As depicted above, over 50% of the studies concentrate on the 

forecasting of whole building level energy usage, which captures 

the total performance of the building. The total amount of all stud- 

ies for the heating and cooling category is 35%. This is because 

commercial or educational/research buildings are considered the 

most often as their heating substance as mentioned earlier and 

cooling energy uses comprise a massive part of the building’s en- 

ergy consumption. Of note is that, relative to climate zones and re- 

alized the needs of the studies, some of the studies selected heat- 

ing or cooling [2] energy as outputs. 
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Fig. 1. The composition of energy type [1]. 

Building energy prediction models have loosely categorized into 

the following areas: (1) engineering; (2) Artificial Intelligence (AI) 

-based; (3) hybrid approaches, and (4) data-driven approaches [1] . 

To attain a maximum level of energy performance, installation of 

efficient energy-efficient systems could be put in place, along with 

followed by proper operation and management models [4] . Com- 

mercial buildings that contain modern metering and monitoring 

capabilities and systems coupled with efficient building manage- 

ment systems are the best methods in which to implement elec- 

tricity load reduction activities. Moreover, potential economic ben- 

efits resulting in energy-demand reductions can be more pertinent 

for prosumers–customers who not only produce energy but who 

consume it [5] . 

Due to the ease of development and interpretation, and when 

differentiating forecasting methods, the regression model is the 

most commonly-used method enlisted for building load forecast- 

ing [6–9,59] . Current literature offers a formidable basis in which 

to classify the work as it pertains to the types of models, forecast 

horizon, and scale (single building to regional or national level) 

[1,10] . 

Since the 1990s, researchers have created a variety of simula- 

tion tools to estimate building energy use. These devices are iden- 

tified as the following methods: engineering, AI-based, and hybrid 

[11] . The engineering method predicts the energy consumption by 

utilizing thermos-dynamic equations to account for the system’s 

physical behavior as well as their interactions with the environ- 

ment. This helps to predict energy use, i.e., energy consumption 

of individual building components, or that of the entire building 

[12] and it is defined as the ‘white-box’ method since the inner 

logic is known and evident. 

Different from the engineering approach, the AI-based method 

is known as the ‘black-box’ method. This is because it estimates 

energy consumption without any knowledge of the building’s in- 

ternal relationship and its segments. The hybrid method, which 

is referred to as the ‘grey box,’ combines the white-box and the 

black-box methods to drive out the limitations associated with 

each method. 

The white-box and grey-box methods each require detailed 

building information to simulate the inner relations utilized to pre- 

dict energy use. Hence, model development requires tedious ex- 

pertise, which is quite time-consuming for the existing buildings 

as it pertains to their energy consumption studies, utilizing the 

white-box and the grey-box methods are impractical if not impos- 

sible due to the lack of efficiency in doing so. Major challenges 

and difficulties can arise when attempting to glean building en- 

velope specifications as well as mechanical systems. This results 

in an inability to use these methods comprehensively for existing 

building stock. However, a thorough review of energy consumption 

predictions in buildings that include the black box, white-box, and 

grey-box methods is available in [11] . 

Applied-learning algorithms within these methods may be per- 

tinent when determining energy consumption. However, a lim- 

ited number of studies used multiple prediction algorithms. Of 

those studies that utilized applied-learning algorithms, the robust- 

ness and capabilities were compared to ascertain their purpose- 

fulness in energy consumption forecasting [13,14] . Our review re- 

sulted in the following percentages of learning algorithm applica- 

tions for energy use prediction: regression (26%); Acritical Neu- 

ral Network (ANN) (41%); Support Vector Machine (SVR) (12%); 

and all others (21%). Of the four categories, we found ANN to be 

the most-used algorithm ANNs comprise, but are not very lim- 

ited to the following elements: Multilayer Perceptron (MLP) [3] ; 

Feed-Forward Neural Network (FFNN) [17] ; Back-Propagation Neu- 

ral Network (BPNN) [15,16] ; and Radial Basis Function Network 

(RBFN) [18] . These ANNs were used in the most recent studies. 

They were widely favored due to user-friendly implementation and 

unequivocal prediction performance. 

Using Multiple Linear Regression (MLR) in long-term energy 

consumption predictions resulted in advantages such that it was 

easy to use, as were the computation practices. Merely five stud- 

ies enlisted SVR to forecast building energy consumption. With 

that said, SVR demonstrated its exceptional prediction accuracy in 

the construction of energy-use predictors when measured against 

other learning algorithms [16,19] . As well, the Autoregressive Mov- 

ing Average (ARMAX) algorithm [13] , Chi-Squared Automatic In- 

teraction Detector (CHAID) algorithm [16] , and Case-Based Reason 

(CBR) [20,21] algorithm was also enlisted for building energy use 

prediction. The researchers selected minute-by-minute [22] , 15 min 

[23,24] , weekly [25] , and monthly [2] time scales to forecast build- 

ing energy consumption. 

In this review, several benefits of performing the large scale en- 

ergy forecasting via simulation are found. These include the iden- 

tification of: (i) energy outliers [27] ; (ii) resources of energy (e.g., 

heat or waste power) in city in different buildings or districts lo- 

cated in the same area or district [26] ; (iii) candidates for retrofit 

intervention [29] ; (iv) local balancing and demand-side manage- 

ment operations [28] ; (v) peak power demand [32] ; (vi) large 

benchmarking analyses involving whole communities [30,31] ; and 

(vi) improved urban planning within a designated area. Available 

data and the granularity level of the data must; maximize when 

analyzing urban-sale energy consumption ranking. Due to smart 

metering and increased awareness and comprehension of utiliza- 

tion data, the amount of data collection possible from single storey 

buildings has expanded during the previous few years. An addi- 

tional reason for this upsurge is because of an increased usage. 

It is important to note that, even if energy consumption data 

is available for analytical purposes, protection and privacy policies 

may exclude them as useful information sources. Therefore, it is 

essential to apply anonymization and aggregation methods. How- 

ever, these methods can compromise data quality. [33] . Further- 

more, building energy usage and evaluation of large scale can ex- 

pend time allotments, especially when used with the single build- 

ing based simulation approaches. This is largely due to the time- 

consuming process of data-gathering, the execution of monitor- 

ing techniques and simulation, and predictive factors involved in 
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