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Abstract: Building energy consumption prediction models are powerful tools for optimizing energy
management. Among various methods, artificial neural networks (ANNs) have become increasingly
popular. This paper reviews studies since 2015 on using ANNSs to predict building energy use and
demand, focusing on the characteristics of different ANN structures and their applications across
building phases—design, operation, and retrofitting. It also provides guidance on selecting the most
appropriate ANN structures for each phase. Finally, this paper explores future developments in ANN-
based predictions, including improving data processing techniques for greater accuracy, refining
parameterization to better capture building features, optimizing algorithms for faster computation,
and integrating ANNs with other machine learning methods, such as ensemble learning and hybrid
models, to enhance predictive performance.
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1. Introduction

The International Energy Agency’s (IEA) Global Buildings Status Report highlights
the continuous increase in energy consumption, with building operations accounting
for 30% of global final energy consumption in 2021. To address this, building energy
consumption predictions can inform energy-saving measures and strategies, ultimately
leading to reduced energy use and carbon emissions.

Building energy consumption prediction is a crucial tool for assessing energy-saving
potential throughout a building’s design, operation, and retrofitting phases. Common
prediction methods include model-driven (white box), data-driven (black box), and hybrid
(grey box) approaches. Data-driven methods, particularly machine learning, have garnered
significant attention due to their time efficiency, ease of operation, and relatively accurate
prediction performance. Artificial neural networks (ANNSs), as a versatile machine learning
technique, are widely considered one of the most effective methods for building energy
consumption prediction [1]. Since 2016, researchers have delved deeper into this field,
exploring various algorithm optimizations, model integrations, and hybrid approaches to
enhance ANNs’ predictive power.

Several recent review articles focus on building energy consumption prediction using
ANNSs. Nadia D. Roman et al. [2] explored the creation of ANN-based meta-models for
building performance simulation (BPS); Chujie Lu et al. [3] analyzed open issues and
challenges in applying twelve ANN architectures; Dimitri Guyot et al. [4] examined neural
network applications, technical features, and limitations in architecture; Siti Solehah Md
Ramli et al. [5] compared ANNSs to other data-driven models using evaluation metrics;
Saeed Reza Mohandes et al. [6] observed rapid-growth in ANNSs for building energy
analysis (BEA), particularly with GDBP and LMBP algorithms, and a shift towards newer
neural network types (GRNN and RNN); Jason Runge et al. [7] noted the prevalence of
black-box feedforward neural network models with manually determined parameters.
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Through the reviewed literature, it is evident that building energy consumption pre-
diction using artificial neural networks (ANNs) spans multiple disciplines, including archi-
tectural engineering, computer science and artificial intelligence, energy engineering, and
data science. However, there is a notable gap in systematic reviews from an architectural
perspective on the application of ANNSs across different building phases. Consequently,
this literature review aims to provide a thorough analysis of studies from 2015 to 2023,
elucidating the diverse applications of various input types, building types, energy types,
and temporal characteristics in energy consumption prediction models. It also proposes
guidelines for selecting appropriate ANN structures for different building phases. Finally,
this review discusses future potential developments in ANN-based predictions, focusing
on enhancing data processing, refining model parameters, and integrating learning ap-
proaches. It emphasizes that improved data cleaning and processing can enhance data
quality, optimized algorithms can refine model parameters, and the application of ensemble
and hybrid models can improve model interpretability and predictive performance.

Figure 1 illustrates the continuous increase in publications on “Building Energy Con-
sumption Prediction Using Artificial Neural Networks” from 2015 to 2023 (starting in 2017),
indicating a significant research hotspot. This paper addresses this trend by reviewing the
past decade of the literature on using ANNS to predict building energy use and demand.
It summarizes how different ANN structures are applied in building design, operation,
and retrofitting. Additionally, it discusses input types, building types, energy consumption
types, and temporal characteristics of prediction models, ultimately offering guidance
on selecting appropriate ANN structures for different building phases. Finally, this pa-
per explores potential future developments in ANN-based building energy consumption
prediction, considering data processing, model parameterization, algorithm optimization,
integrated learning, and hybrid models.
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Figure 1. The total number of papers published.
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This study employed bibliometrics, using the keywords “Neural networks”, “en-
ergy”, “prediction”, and “build” in search strings within the established and reputable
Web of Science database. We selected English publications from 2015 to 2023. Initially,
2155 publications were found; after screening titles and abstracts, 549 were selected; and
upon further review, 292 publications were finally chosen. The categorization of the lit-
erature is shown in Figure 2, with 38 review articles on building energy consumption
prediction, of which only 5 are reviews on predictions using artificial neural networks, as

depicted in the flowchart in Figure 3.
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Figure 3. Flowchart.

2. Analysis of Current Applications and Characteristics of ANNs
2.1. ANN

Artificial Neural neural Networks networks (ANNs) embody a category of machine
learning algorithms inspired by biological neural networks. These models are noted
for their robust ability to represent and model nonlinear relationships between inputs
and outputs.

Initially developed in the late 1950s, artificial neural networks aimed to mimic neuronal
behaviors in the human brain [8]. In 1995, Syed M. Islam [9] and colleagues leveraged
feedforward neural networks to model and predict building thermal loads, laying a crucial
groundwork for future research. By 2000, Kalogirou [10] highlighted the potential of ANNs
in designing diverse energy systems. Subsequently, in 2005, Gonzélez and Zamarrefio [11]
utilized feedback neural networks to forecast hourly electric energy use in office buildings.
Following this, in 2006, Karatasou and Santamouris [12] promoted the use of feedforward
neural networks (FFNNs) for building energy consumption forecasts. Subsequent research
consistently validates that ANNSs provide precise predictions of building energy use, with
FFNNSs noted for their high accuracy and widespread application in a multitude of studies.

With advancements in deep learning, Recurrent recurrent Neural neural Networks
networks (RNNs) have emerged as potent tools for processing sequential data in building
energy consumption prediction. In 2016, Marino, Amarasinghe [13], and Manic noted
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Long long Shortshort-Term term Memory’s memory’s (LSTM’s) challenges with minute-
by-minute predictions but acknowledged its adequacy for hourly forecasts. The following
year, Heng Shi [14] et al. introduced a pooling-based deep RNN, enhancing household load
predictions. By 2018, Rahman [15] proposed using an RNN sequence-to-sequence model
for mid- and long-term forecasting, which showed promising accuracy. Additionally, in
the same year, Kumar, Hussain, Banarjee, and Reza [16] demonstrated that LSTM models,
capable of addressing nonlinearities and retaining historical data, outperform traditional
BP neural networks in predicting electrical grid loads.

In 2019, Kim and Cho [17] combined Convolutional convolutional Neural neural
Networks networks (CNNs) with LSTM to predict residential power consumption, marking
a significant application in energy modeling. The following year, Yuan Gao [18] and his
team utilized a sequence-to-sequence model with a 2D CNN featuring an attention layer,
enhancing prediction accuracy for specific buildings. In 2021, Guannan Li [19] employed
a CNN-LSTM hybrid network, noting a significant reduction in computation time when
integrated with attention mechanisms, though without accuracy improvements. By 2022,
Ibrahim Aliyu [20] introduced a 1D CNN, celebrated for its computational efficiency, high
performance, and cost-effective hardware demands. CNNs are relatively new to the field
of building energy consumption prediction, yet they have garnered increasing attention
with the continuous advancement in deep learning technologies.

Prior to 2017, publications on artificial neural networks were somewhat sparse. How-
ever, post-2017, there has been a substantial surge in the literature related to building energy
consumption prediction using artificial neural networks, with as many as 474 studies pub-
lished in 2022. In summary, ANNSs are extensively applied in building energy consumption
prediction, becoming increasingly valued by researchers and representing one of the most
commonly used prediction algorithms today. ANNs are categorized into FFNNs, RNNs,
and CNNs. As depicted in Figure 4, publications from 2015 to 2023 on ANNs, FENNSs,
RNNSs, and CNNs show a continuous increase. FFNNs are the most frequently utilized
neural network structure. Publications on RNNs have gradually increased since 2018, while
research on CNNs has only recently gained public exposure, indicating significant potential
for further exploration.
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Figure 4. Number of papers published about different ANNs.

2.2. Characteristics of Neural Networks by Structure
2.2.1. Feedforward Neural Networks (FFNNs)

Feedforward Neural neural Networks networks (FFINNs) represent a fundamental
and widely used type of neural network architecture. Their structure consists of an input
layer, one or more hidden layers, and an output layer. Key FENN types include Multilayer
multilayer Perceptron perceptron (MLP), Radial radial Basis basis Function function (RBF),
Extreme extreme Learning learning Machine machine (ELM), Wavelet wavelet Neural
neural Network network (WNN), and Nonlinear nonlinear Autoregressive autoregressive
with Exogenous exogenous Input input (NARX). Table 1 summarizes their characteristics,
advantages, disadvantages, and structures. Among them, MLPs are the most widely used
and versatile, known for their ability to model and learn complex nonlinear relationships.
MLPs perform well across various tasks, such as regression, classification, and pattern
recognition. RBF networks are suited for regression and classification problems, while
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WNNis excel in signal processing and time series analysis. ELMs are designed for large-scale
data and high-dimensional features, offering fast training times. NARX models, which
take into account past observations and external inputs, are well suited for time series
forecasting, particularly for data with periodic or trending characteristics. Each type of
FFNN has its own structure, characteristics, and strengths, and selecting the appropriate
model depends on the specific problem, data characteristics, and desired outcomes.

Table 1. Characteristics of common neural networks under FFNN structure.

Structure Peculiarity Merit Shortcoming
. Prolonged training times for
Capable of learning . S oronge g times 1o
. . Highly flexible in large datasets and complex
Fully interconnected complex nonlinear . .
. . problem-solving; architectures;
MLP neurons between relationships; s . f . .
. - . Efficient training using Manual configuration of
adjacent layers Applicable to diverse .
. . backpropagation. network structure and
machine learning tasks. .
hyperparameters required.
e Extracts local features
Utilizes wavelet .
. and frequency Manual selection of wavelet
Integration of wavelet transform for feature . . . )
. . information from data; basis function and network
WNN transform with neural extraction and neural o . .
. Exhibits robust configuration necessary;
networks networks for learning L .. .
e generalization Extended training durations.
and classification. e
capabilities.
o Rapid training with n
Random initialization rapict g © . _ .
e . iterative hidden layer ~ Potential for overfitting training
Random initialization of hidden layer . .
. . . . weight adjustments; data;
ELM of weights in the weights, analytical ) o . s
. L Less likely to converge  Limited generalization capability
hidden layer determination of S . .
. to local optima in in complex problem settings.
output layer weights. .
complex scenarios.
- Manual selection of model
. . . . Efficiently processes
Dynamic system Suitable for time series . . structures and parameters
utilizing past network  forecasting, capturin time series data; is essential;
NARX 5P & cap J Applicable to various /

outputs and external
inputs

nonlinear temporal
relationships.

time series
forecasting tasks.

May lack efficiency for lengthy
and high-dimensional
time series.

2.2.2. Recurrent Neural Networks (RNNSs)

A Recurrent recurrent Neural neural Network network (RNN) features a unique
architecture with recurrent connections tailored for processing sequential or temporally
dependent data. The foundational RNN structure comprises an input layer, a hidden layer,
and an output layer, where outputs from the hidden layer are recurrently fed back as
inputs, creating a loop that facilitates data flow across time steps. Key variants of RNNSs,
such as LSTM, Gated gated Recurrent recurrent Unit unit (GRU), Elman Neural neural
Network network (Elman), Restricted restricted Boltzmann Machine machine (RBM), and
Evolutionary evolutionary Data data Analysis analysis (EDA), are detailed in Table 2,
highlighting their features, pros, cons, and architectural nuances. LSTM, a flexible and
robust RNN variant, excels in managing tasks that involve long sequence data and require
the capture of extended temporal dependencies. The GRU model, a streamlined version of
LSTM, is optimized for rapid training and high computational efficiency, making it ideal
for time-sensitive tasks. The Elman network, one of the simplest RNN forms, is well suited
for basic sequence modeling tasks. Recurrent neural networks, in general, are adept at
handling both sequential and recursive data structures. Bidirectional RNNSs, in particular,
are effective for tasks that necessitate an understanding of contextual relationships within
data sequences, offering a deeper comprehension of bidirectional dependencies. Selecting
an appropriate model involves a thorough evaluation of the specific task demands, data
traits, and algorithmic efficacy.
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Table 2. Characteristics of common neural networks under RNN structure.

Structure Peculiarity Merit Shortcoming
. Capable of processin, Numerous parameters
Addresses gradient P P & . P g
. . long sequence data and  relatively complex model, and
Input gate, forget gate,  vanishing and explosion . N
. 2. capturing long-term extended training time;
LSTM output gate, and in traditional RNNs, ) .
. dependencies; Manual adjustment of network
memory cell controlling
. . Possesses strong structure and
information flow. . .
memory capabilities. hyperparameters required.
Reduces parameter Faster training,
P . comparable to LSTM in ~ May lack flexibility for certain
Update gate and count, enhances training - .
GRU - some cases but with complex sequence data, with
reset gate efficiency, and controls o . e
. . lower limited capturing capability.
information flow. .
computational cost.
. Simple structure, easy Prone to gradient vanishing or
Simple recurrent to understand and .
Input layer, hidden connections, suitable for implement; exploding issues;
Elman P yen : ’ plement; Less effective than LSTM and
layer, and output layer basic sequence data Performs well in simple . .
: GRU in handling complex
modeling tasks. sequence
. sequence data.
modeling tasks.
Combines forward and
backward information .
flows to better capture Effectively captures
Bidirectional hidden 0 Detier cap bidirectional Higher computational
. bidirectional . 1 :
S layers, implemented o dependencies within complexity and
Bidirectional . dependencies in .
via forward and . sequence data; model complexity;
RNN sequence data, allowing

backward recurrent
connections

Excels in certain
sequence
modeling tasks.

Requires more data and

fora Comprehensive .. .
training time.

consideration of both
past and future
information.

2.2.3. Convolutional Neural Networks (CNNs)

Convolutional Neural neural Networks networks (CNNs) are advanced deep learning
models, excelling in processing data with grid-like structures, including images and audio.
These networks utilize a combination of convolutional layers, pooling layers, and fully
connected layers to progressively distill and amalgamate features from the input data,
culminating in performing classification or regression tasks via the fully connected layers.
Given that building energy consumption data typically manifest as time series, CNNs
adeptly discern long-term dependencies and periodic variations within such data. Through
their convolution and pooling operations, CNNs are capable of extracting features across
various time scales, thereby facilitating a more nuanced understanding and prediction of
building energy consumption trends. Moreover, the prediction of building energy con-
sumption often requires integrating multiple types of data, such as weather conditions and
building attributes. CNNs address this by processing diverse data modalities concurrently
through a multi-channel input layer, which enhances the fusion and learning of multimodal
data features, thereby boosting the accuracy of predictions. Additionally, the spatial struc-
ture and layout of buildings play a critical role in energy consumption prediction. CNNs
effectively map local features and spatial correlations within architectural structures using
convolution operations, which enhances understanding of the spatial dynamics influencing
building energy consumption and improves the accuracy of predictions.

Convolutional Neural neural Networks networks (CNNs) hold broad prospects for
application in building energy consumption prediction. They can accurately predict and
optimally manage building energy by processing time series data, integrating multimodal
data, and handling spatial information.
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3. Applications of Building Energy Consumption Prediction Models at Different Stages

“The entire lifecycle of a building” encompasses the complete process from design
and construction to operation, maintenance, renovation, and even demolition. Within this
lifecycle, energy consumption is a critical consideration, as the design of and operational
approaches to a building directly impact energy efficiency and consumption. Energy
consumption prediction throughout the building’s lifecycle requires an understanding of
the characteristics and influences at different stages—for example, architectural structure
and material choices during the design phase, and user behavior and equipment efficiency
during the operational phase. Although there is existing research on building energy
consumption prediction, comprehensive studies across different phases of a building’s
lifecycle are relatively scarce.

Neural network models for predicting building energy consumption are predomi-
nantly applied across the design, operation, and renovation phases of a building’s lifecycle.
Analysis of the initially reviewed literature shows that 11% of studies focus on the early
design phase, 8% on energy-saving optimization design, and a significant 81% on the
operational phase (Figure 5).

% 8%

Early design 81%
[ | Operational phase
B Retrofit phase
Figure 5. Application distribution of neural network energy consumption prediction model in

different building stages.

3.1. Early Design Stages
3.1.1. Energy Forecasting in Early Design Phases

The ANN training datasets primarily consist of input and output parameters, with
inputs including building form, envelope structure, environmental conditions, human
activity, historical energy usage, equipment efficiency, and date/time; outputs comprise
cooling loads, heating loads, lighting energy, total energy, and electricity usage. These
datasets predominantly derive from real data, simulated data, and benchmark data. The
ILiterature review indicates that during the building design phase, research focusing on
ANN-based energy consumption prediction models is primarily concentrated on residential
buildings. Buildings are categorized by their functionality related to user activities, with
residential buildings representing 50% of the research focus, followed by 14% on office
buildings, 4% on rural buildings, 4% on campus buildings, 7% on commercial structures,
and 21% on other types such as industrial and sports facilities. The dataset primarily
comprises simulated data from parametric modeling post-energy simulation, accounting for
93%, with a small fraction derived from real historical data. Key building evaluation metrics
include Mean mean Absolute absolute Percentage percentage Error error (MAPE), Root root
Mean mean Square square Error error (RMSE), Coefficient coefficient of Variation variation
of the Root root Mean mean Square square Error error (CV-RMSE), Mean mean Absolute
absolute Error error (MAE), Mean mean Bias bias Error error (MBE), Mean mean Squared
squared Error error (MSE), Coefficient coefficient of Determination determination (R?), and
Mean mean Relative relative Error error (MRE), with MSE being the most extensively used,
accounting for 30%, and MBE and MRE the least utilized, each at only 1%, as depicted in
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Figure 6. According to Table 3, input parameters are largely focused on enclosure structure
and architectural form, while output parameters are mainly on cooling and heating loads.

21% 4% 8% 33%
4% 13%
50%
| 21%
7%

Rural architecture X Heat load
I Residential buildings I Cooling load 25%
Il Office buildings AN I Total energy consumption

Commercial buildings I Ecctricity consumption
I Campus buildings - 14% I Lighting energy consumption

Other buildings

() (b)
16% o 10% D — A7)
21%
30%
\

MAPE 3%
I RMSE
I cv S
I MAE 20% S 939

MSE Real data 93%

R? - Simulated data

(c) (d)

Figure 6. Application in the early design stage of the building: (a) building type, (b) energy consump-
tion type, (c) evaluation index, (d) data type.

The primary purpose of energy consumption prediction in the early stages of archi-
tectural design is to design the building’s form, identify the main factors affecting energy
consumption, choose appropriate enclosure structures, and budget for energy costs, ne-
cessitating the collection of extensive datasets. Real data from completed buildings are
difficult to collect and lack continuity, making the datasets incomplete and inadequate for
training artificial neural networks. Therefore, in the early stages of architectural design
for energy consumption prediction, it is common to first select input parameters with
strong relevance for parametric modeling, then acquire corresponding output parameters
through energy consumption simulations, and after processing the data, input the dataset
into an ANN model for training and validation to develop an ANN-based building energy
consumption prediction model. Subsequently, optimizations are considered along with
costs to obtain the optimal solution, further determining parameters such as architectural
form and enclosure structures to achieve the building’s optimal energy-efficient form and
enclosure combination.

Utilizing Artificial artificial Neural neural Networks networks (ANNs) to predict
building energy consumption in the initial phases of architectural design can lead to the
development of an energy-efficient building prototype. This approach not only optimizes
energy-saving measures during the conceptual design phase but also enhances energy
efficiency, manages overall building costs, and ensures economic viability for long-term
operations and maintenance.
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Table 3. Application of ANN-based energy consumption prediction in the early design stage of buildings.

Ref.

Type of
Building

Variable

Type of Energy
Consumption

Method

Architectural
design

[21]

Office
buildings

Length, width, height, overhang length,
window-to-wall ratio, orientation, wall u-value,
window u-value, ground floor u-value, roof
u-value, window g-value, floor heat capacity,
infiltration air change rate, number of floors,
lighting heat gain, equipment heat gain, chiller
coefficient of performance, boiler efficiency, chiller
type, boiler pump type.

Energy consumption

CNN

(22]

Residential
buildings

Temperature, wind speed, pressure, postcode,
total floor area, property type, glazed area,
extension count, wall description, floor
description, floor level, window description,
window energy efficiency, window environmental
efficiency, wall energy efficiency, wall
environmental efficiency, roof description, roof
energy efficiency, roof environmental efficiency,
lighting environmental efficiency, lighting energy
efficiency, number of heated rooms, number of
habitable rooms, energy rating.

Energy consumption

SVM, GB,
RF, DT,
KNN, ET,
GP, MLP,
AdaBoost

(23]

Residential
buildings

Length, depth, height, building orientation,
window-to-wall ratio, glazing type,
temperature setpoint.

Energy consumption
and electricity
consumption for
cooling and heating

MLP-LM

[24]

Office
buildings

Floor area, floor height, no. of floors, orientation,
u-value (wall), u-value (ground floor), u-value
(roof), u-value (window), g-value, window-to-wall
ratio, internal mass, air permeability, occupant
load, light heat load, heating COP, cooling COP,
boiler efficiency.

Energy consumption

CNN

Medical
buildings

External plaster, the thickness of the external
plaster, insulation material, the thickness of the
insulation material, wall material, wall material

thickness, internal plaster, internal plaster
thickness, window type, pilot region.

Energy consumption

GA-ANN

Standard unit

Building type, floor surface area, glazed zone,
floor level, number of habitable rooms, number of
air-conditioned rooms, ceiling height, average
monthly temperature, average monthly pressure,
average monthly humidity, average monthly
wind speed.

Electricity
consumption

ANN,
SVM,
KNN, DT,
RF, GB,
LR, DNN

Standard unit

Length, width, floor height, window-to-wall ratio,
number of floors, number of rooms.

Energy consumption
for cooling, heating,
and lighting

MLP

(28]

Office
buildings

Orientation, building facade, window-to-wall
ratio, area of each floor, floor height, number of
floors, envelope density, conductivity, specific heat,
thickness, glass u-factor, glass SHGC.

Heating and
cooling loads

MLP,
GA-NN

[29]

Rural
architecture

Width, floor height, depth, building orientation,
building window-wall ratio.

Energy consumption

MLP, SVR

[30]

Campus
buildings

Room depth, standard floor height, width of
corridor, orientation, WWR of north external wall,
WWR of south external wall.

Energy consumption
for lighting
and heating

BPNN
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Table 3. Cont.
Ref. Ty.pe_of Variable Type of En(?rgy Method
Building Consumption
Wall, roof, floor dimensions, opening sizes and
. . orientations, construction type and levels of
Residential . . It . .
[31] 1. insulation, weather conditions, location, Energy consumption FFNN
buildings . o ;
ventilation and air tightness features, heating
system supply.
Residential Height, rgla’qve compactne.ss, w;.ﬂl surface, Heating and
[32] 1 building surface, orientation, . MLP-GD
buildings . . cooling loads
window-to-wall ratio.
Glazing area distribution, relative compactness MLP-
Residential g are uhon, © P ! Heating and GOA,
[33] 1 overall height, surface area, roof area, wall area, .
buildings rientation. elazine area cooling loads MLP-
s §lazIng area. GWO
Indoor average temperature, average air
[34] Residential temperature, radiant temperature, relative Energy consumption MILP-LM
buildings humidity, relative compactness, outdoor dry-bulb for heating
temperature, rainfall and wind speed.
Exterior wall heat transfer coefficient, roof heat
transfer coefficient, ground floor heat transfer
Residential coefficient, window heat transfer coefficient, solar Electricit
[35] buildines heat gain coefficient (SHGC), WWR on east consum ti}(])n BP
& facades, WWR on west facades, WWR on south p
facades, WWR on north facades, indoor lighting,
electrical equipment, personnel activities.
Ea'rly Residential Relative compactness, surface area, wall area, roof Heating and
prediction [36] 1 area, overall height, orientation, glazing area, s MLP, SVR
buildings . e cooling loads
glazing area distribution.
Residential Relative compactness, surface area, wall area, roof
[37] 1 area, overall height, orientation, glazing area, Cooling load SFS-MLP
buildings . o
glazing area distribution.
Residential Relative compactness, surface area, wall area, roof Enerev consumption BP-MLP,
[38] buildines area, overall height, orientation, glazing area, %(})Zr heatin P VSA-MLP,
& glazing area distribution. & BSA-MLP
The building shape factor (BSF), window—wall
[39] region ratio (WWR),. indoor design tempeli'atm.‘es in Hea.tmg and 1D-CNN
summer and winter, occupancy density, lighting cooling loads
power density, equipment power density.
External walls’ coefficient of transmission, roof
coefficient of transmission, floor coefficient of
transmission, external wall coefficient of solar
[40] Residential radiation absorption, roof coefficient of solar Energy consumption MTOA-
buildings radiation absorption, thermal bridge linear for heating MLP
coefficient, rate of air change, window-to-wall
ratio for all directions (i.e., north, east, west, and
south), glazing.
Refrigeration,
. lighting energy
[41] Corr.lm.e relal Weather variable and days consumption, and MLP
buildings

total electricity
consumption
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Table 3. Cont.
Ref. Ty.pe_of Variable Type of En(?rgy Method
Building Consumption
Shape factor, volume, total window area, opaque Enerev consumption
Residential surface area, cooling degree day, heating degree By €O P MR, SVM,
[42] 1 . o . of PCM-integrated
buildings days, relative humidity, wind speed, and solar buildines MLP
radiation, PCM melting point. &
Relative compactness, surface area, wall area, Heating and
[43] Standard unit  roof area, overall height, orientation, glazing area, . & Bayesian
. e cooling loads
Gglazing area distribution
. . Relative compactness, surface area, wall area, . LR, SVR,
Residential . : . . Heating and
[44] buildines roof area, overall height, orientation, glazing area, cooline loads MLP,
& Gglazing area distribution & DGAM
ABC-
Relative compactness, surface area, wall area, . ANN,
Many types of . . . . Energy consumption PSO-
[45] 2 roof area, overall height, orientation, glazing area, .
buildings lazing area distribution for heating ANN,
Early glazing ICA-ANN,
prediction GA-ANN
Commercial Relative compactness, surface area, wall area, Heating and
[46] - roof area, overall height, orientation, glazing area, ng EFA-MLP
buildings . o cooling loads
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steps i-2, i-3, i-4; heating load: same time step, generation

previous day; cooling load: last time step; cooling
load: time steps i-2, i-3, i-4; cooling load: same
time step, previous day; lighting load:
last time step.

3.1.2. Selection of ANNSs in Architectural Design Phases

According to Figure 7, feedforward neural networks (FFNNs) dominate the literature
on predicting building energy consumption during the design phase, with the introduction
of Convolutional convolutional Neural neural Networks networks (CNNs) gaining traction
since 2019. In 2020, X.J. Luo [47] and colleagues proposed three multi-objective prediction
frameworks utilizing machine learning technologies—ANNSs, support vector regression,
and long short-term memory networks—to predict multiple types of energy consumption
concurrently. Comparative analyses indicate that ANN-based models excel in both accuracy
and processing efficiency.

For energy consumption prediction in the architectural design phase, the FFNN
structure is commonly employed due to its suitability for non-temporal data, such as
enclosure structure parameters and architectural form parameters, which lack time depen-
dencies, making RNNs inappropriate for this phase. FFNNs are typically chosen, with
CNN s selected on rare occasions. CNN models, with their capability for feature extraction
and multi-scale prediction, are effective not only in extracting features of a building’s
appearance, structure, and layout, but also in analyzing these features at different levels—
including structural components, material selection, and spatial layout—by combining
them for comprehensive analysis. The feature images of the buildings are then fed into the
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CNN model to predict energy consumption. Future research might explore using CNNs
for building energy consumption prediction.

1 11k

0
2015 2016 2017 2018 2019 2020 2021 2022 2023
Year
@ Total quantity FFNN @ RNN CNN

Number of Publications
N

Figure 7. The number of papers published concerning the early design stage of the building based on
different ANNS.

3.2. Operational Phase of Construction
3.2.1. Application of Energy Forecasting in the Operational Phase

The bulk of current research on “Building Energy Consumption Prediction Based on
Artificial Neural Networks” is concentrated on the operational phase, representing 81%
of the studies. In this phase, 26% of research targets residential buildings, followed by
office buildings at 23%, public buildings at 5%, campus buildings at 16%, commercial
buildings at 12%, and other building types such as industrial and sports facilities at 18%.
Most studies focus on residential and office buildings, with significant attention given to
variables like historical energy consumption, weather conditions, and timing. Given that
most subjects of these studies are intelligent buildings, collecting real-time operational
data—including temperature, humidity, air quality, lighting intensity, and occupancy
rates—is straightforward. This data collection primarily comprises actual data, accounting
for 85% of the datasets utilized. However, challenges remain with data gaps, discontinuities,
and abrupt changes, directing the majority of research towards short-term predictions,
which represent about 70% of all studies. Predictions typically center on electricity usage
and overall energy consumption. Commonly used evaluation metrics include MAPE,
RMSE, CV-RMSE, MAE, MBE, MSE, R?, and MRE, with MAPE being the most prevalent at
26% usage and MRE the least at only 1%, as depicted in Figure 8.

“Building Energy Consumption Prediction Based on Artificial Neural Networks” re-
search is most extensive during the operational phase as buildings are active and generating
substantial data. This phase provides a robust dataset, including historical energy usage,
weather conditions, and equipment operations, forming a solid foundation for model
development. Researchers often employ real-time data in neural networks, enhancing the
credibility and accuracy of their predictive models. Predicting energy consumption during
this phase helps facility managers monitor energy use efficiently, swiftly detect deviations,
and implement optimization strategies. This not only curtails energy usage but also boosts
efficiency, reduces operational costs, and elevates the economic performance of buildings.

An analysis of how the literature on the operational phase of building energy consump-
tion prediction from 2015 to 2023 is distributed reveals a predominance of feedforward
neural network-based studies at 43%, with recurrent neural networks following at 29%,
and convolutional neural networks at 4%. Feedforward neural networks such as MLP,
WNN, ELM, NARX, and RBF are prevalent, with MLP being the most common model
used for energy prediction. Recurrent neural network studies are often centered around
LSTM, GRU, and Elman networks, with LSTM featured most extensively. Convolutional
neural networks are less frequently used compared to other types, but there is a growing
trend towards hybrid models and ensemble learning, reflecting a broader diversification in
research approaches (Table 4).
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Figure 8. Application of building operation stage: (a) time span, (b) building type, (c) energy
consumption type, (d) evaluation index.

Table 4. Application of ANN-based energy consumption prediction in the building operation stage.

Type Ref. Percentage
MLP [1,36,48-118] 37%
WNN [119,120] 1%
FFNN ELM [121,122] 1%
NARX [113,122-125] 2.5%
RBF [48,126,127] 1.5%
LSTM [15,59,88,89,95,99,125,128-159] 20%
RNN GRU [132,133,142,144,152,158,160-164] 5.5%
Elman [48,98,165] 1.5%
Recurrent neural networks [102,135,144,166] 2%
CNN CNN [18,20,88,99,102,134,167,168] 4%
Hybrid model Hybrid model [19,169-203] 18%
Ensemble learning Ensemble learning [204-215] 6%

3.2.2. Selection of ANNSs in the Operational Phase

In recent studies, Lei Gao [134] et al. compared MLP, LSTM, and CNN neural networks,
finding that LSTM exhibited the best predictive performance, while MLP was the least
effective. Raghavendra Chalapathy et al. [135] contrasted shallow learning models with
deep learning models, discovering superior short- and long-term predictive capabilities
in LSTM-based RNN-MIMO models. Lei Xu et al. [144] introduced three Bayesian deep
neural network models—Recurrent recurrent Neural neural Networknetwork, Long long
Shortshort-Term term Memorymemory, and Gated gated Recurrent recurrent Unitunit—
among which the Bayesian LSTM (BLSTM) model achieved optimal performance. Yun
Duan et al. [186] presented the LSTM-PQR model, which outperformed BPNN in predict-
ing energy consumption in office buildings. Continuous research validates that LSTM
surpasses feedforward neural networks in predictive accuracy due to its ability to effec-
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tively manage sequential data and capture long-term dependencies, typical of building
energy data. Moreover, LSTM’s memory cells can retain and retrieve past information as
needed, effectively addressing gradient vanishing and explosion issues, thereby enhancing
its capability to model long-term dependencies. In contrast, feedforward neural networks
struggle with long-term dependencies. Additionally, building energy consumption predic-
tion involves multiple influencing factors such as weather, building characteristics, and
equipment operational status, constituting multivariate time series data. LSTM proficiently
handles such data, better delineating the interrelationships among various factors, thereby
improving prediction accuracy.

According to Figure 9, recent years have seen a steady increase in research articles on
RNN-based building energy consumption predictions, surpassing those based on FFNN.
Concurrently, the literature on CNN and hybrid models for predicting building energy
consumption continues to grow. Jingyi Zhou et al. [168] believe CNNs can effectively
predict energy consumption throughout a building’s entire lifecycle with greater accuracy.
Guannan Li et al. [19] conducted comparative assessments of LSTM and its hybrids, such
as LSTM-CNN and CNN-LSTMV, finding that CNN-LSTM models halve computation times
and enhance prediction accuracy. Pingping Chen et al. [200] introduced an attention-
based CNN-LSTM model that effectively retains historical information, thereby improving
predictive performance for short-term load forecasting in smart buildings. Increasingly,
researchers are validating the superior predictive capabilities of CNNs and related hybrid
models. Consequently, during the operational phase of buildings, it is advantageous to
prioritize RNN-based models for energy consumption predictions when datasets exhibit
strong time series characteristics, with potential future exploration towards CNNs and
hybrid models.
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Figure 9. The number of papers published concerning the building operation stage based on differ-
ent ANNS.

3.3. Renovation Phase
3.3.1. Application of Energy Consumption Prediction in Renovation Phases

In the building retrofitting phase, research focuses primarily on residential buildings
(55%) and office buildings (25%). Smaller shares of research concentrate on rural buildings
(5%), campus buildings (10%), and commercial buildings (5%). As Figure 10 illustrates,
studies on energy consumption prediction models using artificial neural networks heavily
target residential and office buildings. Design variables analyzed during the retrofit phase
often center on enclosure structure and environmental parameters.

Data collection poses a challenge in this field. Most research on neural network models
for building retrofit prediction relies on simulated data (89%), as collecting historical energy
consumption, temperature, humidity, and wind speed data from existing buildings (without
pre-installed sensors or flow meters) is difficult. Only 11% of studies utilize real-world
datasets. Predicted types of building energy consumption typically include total energy
consumption, and heating and cooling loads.
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Figure 10. Application in the building renovation stage: (a) building type, (b) energy consumption
type, (c) evaluation index, (d) data type.

Common evaluation metrics include MAPE, RMSE, CV-RMSE, MAE, MBE, MSE, R?,
and MRE. Of these, MSE is most widely used (31% of studies). During the building retrofit
phase, energy consumption prediction is often paired with multi-objective optimization
to achieve multiple goals following the retrofit. Optimization targets primarily focus on
energy consumption, thermal comfort, cost, and lighting. As architectural form parameters
are difficult to adjust during retrofits, variables typically concentrate on enclosure structures
and equipment layout.

3.3.2. Choice of ANNSs for Building Renovations

During the building retrofit phase, the application of artificial neural networks (ANNs)
for predicting energy consumption facilitates the assessment of energy efficiency improve-
ments and cost savings pre- and post-retrofit. This assessment provides a solid foundation
for evaluating retrofit proposals, informing design choices, and identifying optimal retrofit
strategies. Further, analysis of the prediction outcomes enables the fine-tuning of retrofit
strategies, thereby maximizing both energy efficiency and economic returns.

In the retrofit phase, ANNs function as meta-models. The process begins with paramet-
ric modeling using initial datasets, followed by the acquisition of target parameter data via
Building building Performance performance Simulation simulation (BPS) technology. Pre-
processing steps such as data cleaning and normalization are then undertaken to ready the
data for model training. Objective functions and constraints are subsequently established
for specific multi-objective optimization tasks that tailor the model’s structure and parame-
ters for optimized training. Once trained, the model forecasts future energy consumption,
offering decision support and directing the implementation of energy management and
retrofit measures. This workflow demands an ANN architecture that not only delivers
precise predictions but also accommodates swift feedback and real-time adjustments.
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As indicated in Table 5, FFNNs are the prevalent choice for predicting energy con-
sumption in building retrofit scenarios, attributed to their straightforward and intuitive
nature, which simplifies understanding and implementation. During the retrofit phase, the
absence of complex time series data or significant long-term dependencies makes FFNNs
ideal due to their rapid training capabilities compared to RNNs and other models. This
allows for expedited training and predictions, crucial in retrofit contexts that demand quick
feedback and immediate adjustments. Moreover, FFNNs’ adaptability makes them particu-
larly effective in retrofit phases characterized by costly and lower-quality data collection
that encompasses diverse data types and predictive tasks, streamlining the model selection
and implementation process.

Table 5. Application of ANN-based energy consumption prediction in the building renovation stage.

Ref. Type of Building Variable Optimization Targets Method
Roof surfaces, exterior walls, Total energy
windows, airtightness, operation consumption (TEC),
[216] Campus buildings schedule, space allocation, activity, LCC, and Llifec Cycle SBMO-MLP
HVAC system, temperature setting, Assessment
heating, cooling, DHW. assessment (LCA)
Average indoor temperature,
uncomfortable minutes after normal Thermal comfort and
[217] Residential buildings ~ setpoint period began, total operating enerey consumption MLP
minutes of the cooling system, 8y p
amount of energy.
Melting temperature and thickness of Heating and
[218] Residential buildings PCM, thermal resistance of exterior g GMDH
. e cooling loads
walls, internal gain, infiltration rate.
Heated surface of the building, heated
volume of the building, flat gross floor
area of building, number of
. . I employees, number of users, number Heating and .
(219] Residential buildings of floors, factor of building shape FO, cooling loads LM-BPNN
total installed internal lighting power,
total number of internal
lighting lamps.
Relative compactness, surface area, . BBO-MLP, GA-MLP,
[220]  Residential buildings oL A r°°f1area' overall lhe‘ght' He;‘tmgi an; PSO-MLE, PBIL-MLP,
orientation, glazing area, glazing cooling loads i § - !
area distribution. ES-MLF, ACO-MLP
esidential buildings nvelope structure. nergy consumption
[221] Residential building Envelop Energy pti BPNN
Features, layers, height, aboveground
[222] Rural architecture area, compass direction, factor, roof, Energy consumption BPNN
external wall.
Supply vane angle, supply air .
[223] Office buildings temperature, outdoor air temperature, Ene;%\}/i\c}o:rslgrg}gaon, BPNN-RSM
clothing insulation. ’
Cooling power, operation status of
. 1 ACMV and lighting, outdoor air .. .
[224] Office buildings temperature, outdoor RH, estimated Electricity consumption NARX
number of indoor occupants.
Iteration number, wall u-value,
[225] Office buildings equipment load rate, infiltration rate, Energy consumption MLP-LM, MLP-GA

lighting density, number of occupants,
roof u-value.
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Table 5. Cont.

Ref.

Type of Building

Variable

Optimization Targets

Method

[226]

Residential buildings

Weather data, HVAC system, cooling
setpoint, building orientation, solar
protection, glazing, wall
insulation/roof insulation, air gap,
lighting, solar photovoltaic, solar
thermal, wind energy.

Thermal comfort,
cost, and energy
consumption

MLP, GA-NN

[227]

Residential and
commercial buildings

Average u-value of envelope, ratio of
window area to wall area, form factor,
roof ratio, annual sum of energy
gained due to infiltration, annual sum
of internal heat gain, annual sum of
heating degree days, median dry-bulb
temperature, annual average of dry
point temperature, interquartile range
of dew point temperature, annual sum
of global horizontal irradiation,
annual average of direct normal
irradiation, interquartile range of
direct normal irradiation.

Heating and
cooling loads

MOO, RF

[228]

Residential buildings

Inlet velocity, inlet type, supply air
temperature, outlet type, wall heat
transfer coefficient, wall thickness,
heat flux of heat sources,
outdoor temperature.

Indoor average
temperature and PMV

BPNN-GWO

[229]

Residential buildings

Window-to-wall ratio (WWR),
absorptance of solar radiation,
insulation thickness,
concrete thickness.

Annual heat load and
indoor comfort

MLR, CHAID,
ECHAID, BPNN,
RBEN, CART, SVM

[230]

Office buildings

Supply air temperature for each
thermal zone (Tui), supply air static
pressure (SAP), supply airflow rate

(Mai), supply water flow rate in
summer (Mcw), supply water flow

rate in winter (Mhw), return air

temperature (Tuo), supply cooling
water temperature (Twi), return
cooling water temperature (Two),
supply heating water temperature
(Thi), return heating water
temperature (Tho), ambient
temperature (Tai), temperature after
rotary heat exchanger (Ti) sensors.

Energy consumption
and thermal comfort

MLP

[231]

Campus buildings

Wall u-value, wall solar absorptivity,
window u-value, window solar heat
gain coefficient, window visible
transmittance, window-to-wall ratio
of all directions (i.e., north, east, west,
and south), roof u-value, roof solar
absorptivity, ground slab u-value,
cooling and heating setpoint
temperatures, having been selected in
accordance with the prevailing
literature, weather data, construction
material properties, HVAC properties,
occupant activities.

Energy consumption
and thermal comfort

MLP
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Table 5. Cont.

Ref. Type of Building Variable Optimization Targets Method
Window-to-wall ratio for all directions
(i-e., north, east, west, and south),
[232] Residential buildings width of sunroom, thickness of Energy consumption MABC-BP
exterior wall insulation layer,
thickness of roof insulation layer.
Window-to-wall ratio of all directions Daylighting, energy
[233] Office buildings (i.e., north, east, west, and south), consumption, and BPNN
window height, shading device size. thermal comfort
Scenarios of different insulation Enerey consumption
[234] Residential buildings thickness, shading coefficient, &Y p ANN

o and thermal comfort
ventilation rate

In summary, the selection of FFNNs for predicting energy consumption during the
building retrofit phase is justified by their simplicity, swift training speed, wide applicability,
and minimal data requirements. Nonetheless, the decision to employ a specific model type
should be thoroughly assessed based on the actual conditions and specific demands of the
prediction task at hand.

4. Future Research Directions

The process for predicting building energy consumption unfolds through a series of
meticulous steps: initially, gathering data concerning the building’s architecture, weather
conditions, historical energy usage, and equipment specifics. Once the data are processed,
features are selected, and the input and output parameters are established. These data
are then segmented into training, validation, and testing subsets. Subsequently, a neural
network model is constructed and undergoes evaluation and validation after training, with
adjustments made based on the validation outcomes. Ultimately, this trained model is
implemented in real-world applications to forecast energy consumption in buildings. This
entire procedure, depicted in Figure 11, is primarily influenced by data quality, feature selec-
tion, choice of model, and optimization strategies. Employing proper data handling, feature
engineering, model selection, and optimization enhances the accuracy and dependability
of the predictions.
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Figure 11. Flow diagram of building energy consumption prediction based on artificial neural network.
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Reflecting on the prevailing research trends, the future trajectory of this field can be
segmented into three principal areas: firstly, enhancing the data preprocessing techniques
by choosing methods apt for various stages; secondly, selecting optimal neural network
architectures and fine-tuning model parameters during the model building phase; and
thirdly, choosing effective algorithms for optimization. These measures are targeted to
refine the overall predictive process and elevate the outcomes for building energy con-
sumption predictions.

4.1. Data Processing

Data processing plays a pivotal role in predicting building energy consumption,
critically affecting the models” accuracy and validity. It forms an essential phase in the
development of predictive models. Future research will benefit from advancing data
cleaning, feature engineering, and integration techniques to boost data quality and model
performance. Advanced strategies, including outlier detection and management of missing
data, alongside feature selection and dimension reduction, are vital for enhancing both
data integrity and predictive efficacy.

In the initial data cleaning phase, measures are implemented to identify and correct
anomalies to ensure data accuracy and consistency. Established methods for outlier man-
agement include Chauvenet’s criterion [235], GRUBS outlier detection [236], and isolation
forest (ISF) [190] for handling missing data and excluding outliers. To address incomplete
preliminary data, methods such as transfer learning [60,128,129,143,153,171,175,237], ex-
ponential moving average (EMA) [142], XGboost [119], and decision tree classification
(DTC) [119] are proposed. During the data cleaning phase, feature selection and extraction
are necessary to reduce redundancy and lower dimensionality, thereby enhancing model-
ing efficiency and accuracy. Proposed methods include PCA [88,115,117], random forest
(RF) [170,183], rough set theory [48,238], statistical moments [50], Spearman correlation
coefficient [51,175,176], sensitivity analysis [68,88,169,172], regression analysis [58], stacked
auto-encoder (SAE) [122], recursive feature elimination (RFE) [119,235], Kalman filter (KF)
as a stochastic filtering method [208], differencing for effective information removal [237],
Pearson correlation analysis [56,236,239], and mean impact value (MIV) for information
filtering [103]. Additionally, data grouping or classification into sets with similar features
involves using clustering analysis techniques to identify patterns within the data, thus
better understanding the data’s structure and distribution. Techniques include clustering
residuals based on Chebyshev distance [51], affinity propagation (AP) clustering [126],
K-means, and K-nearest neighbors (KNN) methods [235].

The aforementioned studies have effectively addressed issues related to data incom-
pleteness, selection, clustering, and outlier management, significantly improving the accu-
racy of building energy consumption predictions. In the operational phase of buildings,
training data primarily consist of real-world data, with most studies relying on data col-
lected from smart meters, while only a few use specialized metering equipment, which
greatly impacts the accuracy of operational phase data. In contrast, during the early design
and renovation phases of buildings, training data are almost entirely simulated. Therefore,
using methods like feature selection and principal component analysis to choose highly
correlated input parameters is crucial for obtaining accurate energy consumption simula-
tions, which in turn enhances the accuracy of prediction models. Future research should
focus on continuously refining and processing data to improve their quality and reliability,
thereby providing a stronger foundation for subsequent modeling and analysis.

4.2. Optimization of Model Parameters and Algorithms

Model parameter optimization is pivotal in predicting building energy consumption.
Investigating automated optimization techniques, such as hyperparameter tuning, can
greatly improve prediction model accuracy by refining neural network structures and
parameters. Numerous studies have already boosted prediction accuracy by employing op-
timization methods like singular spectrum analysis [177], random search [237], exhaustive
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grid search [88], Taguchi methods [240], Bayesian optimization [68,87,92,114,116,141,144,241],
and genetic algorithms [64,66,108,115,120,136,139,190,242]. These techniques enable more
effective exploration of the parameter space, optimizing essential parameters and designing
robust experiments to find the best parameter combinations, thereby significantly enhanc-
ing model performance and predictive accuracy. Future developments should focus on
optimizing neural network structures and incorporating online learning and dynamic
adjustments to further improve predictive outcomes and functionality.

While traditional algorithms encounter numerous challenges such as limited data vol-
ume, complex models, and poor generalization, the building energy consumption prediction
domain is in dire need of algorithmic advancements to boost model accuracy and robust-
ness. Contemporary research has incorporated various optimization algorithms like genetic
algorithms [64,66,108,115,120,136,139,190,242], population-based incremental learning [220],
evolutionary strategies [220], particle swarm optimization [45,105,164,219,220,228,243,244],
ant colony optimization [176,220], electromagnetic firefly algorithm [46], biogeography-
based optimization [220], TLBO [53,83,235], and GWO [141,180,228] with artificial neural
networks. These algorithms are instrumental in optimizing parameters, structuring, ac-
celerating training, and enhancing neural network performance, helping them to better
accommodate diverse data and tasks, thereby augmenting predictive power and gener-
alization. Additionally, advancements in regularization methods like dropout [142,144]
and optimization algorithms such as iPSO [115,154] and iTLBO [52] have substantially
improved the efficiency and effectiveness of neural networks.

An increasing number of studies are now shifting from trial-and-error methods to
algorithm optimization for setting model parameters. However, traditional algorithms
often lack sufficient generalizability. Future research should employ improved algorithms,
selecting the most suitable ones based on the specific requirements of the problem and
the characteristics of the data. This approach will enhance generalizability and efficiency,
improve model interpretability and explainability, and ultimately increase the accuracy of
building energy consumption predictions.

4.3. Applications of Integrated and Hybrid Models

In the process of constructing neural network models, the choice of neural network
architecture is crucial. The previous sections proposed trends in selecting different neural
network structures at different building phases, noting an increasing application of en-
semble learning and hybrid models. A substantial body of literature now exists [204-215]
on predicting building energy consumption using ensemble learning methods, as well
as numerous studies [19,169-203] using hybrid models for precise energy consumption
predictions. Results demonstrate that ensemble machine learning models possess good
predictive accuracy in forecasting building energy consumption.

Research has found that in the domain of building energy consumption prediction,
ensemble learning is an effective approach. Ensemble learning, which combines multiple
base models to enhance predictive performance and generalization, includes methods such
as random forests, gradient boosting trees, adaptive boosting, and stacked ensembling.
Utilizing ensemble learning techniques can yield more accurate results for building energy
consumption prediction. Hybrid models, which combine different types of models to
enhance predictive performance and robustness, are also employed in building energy
consumption prediction. Hybrid models can integrate traditional statistical models (such
as linear regression and logistic regression) with neural networks, leveraging the strengths
of both to improve prediction accuracy and generalization. They can also combine physics-
based models with ensemble and deep learning approaches, utilizing both the physical
properties of buildings and extensive empirical data for precise predictions of building
energy consumption.

Research in the operational phase of buildings often requires extensive real-world data,
making the application of ensemble learning and hybrid models particularly impactful
during this stage. These methods can significantly enhance prediction performance. In
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the future, as building data and models continue to accumulate, ensemble learning and
hybrid models will play an increasingly vital role. The development of these approaches
may focus on enhancing the diversity in model combinations, dynamic weight adjustment
and adaptive learning, integration of heterogeneous models, combining ensemble learning
with deep learning, applying online and incremental learning, and improving model
interpretability and transparency. These advancements will further improve the accuracy,
stability, and interpretability of building energy consumption predictions, driving the
development and application of energy consumption prediction technologies.

5. Conclusions

A comprehensive review of the literature from 2015 to 2023, focusing on 292 papers,
summarizes the characteristics of different ANN structures employed in building energy
consumption prediction. By analyzing these structures and their practical applications in
the design, operation, and renovation phases of buildings, this paper not only highlights
the comprehensive application of various input types, building types, energy types, and
temporal characteristics in energy consumption prediction models, but also proposes how
to select appropriate ANN structures based on different building phases.

In the early design phase, fully connected feedforward neural networks (FFNN) are
popular due to their simplicity and efficiency, while convolutional neural networks (CNN)
are popular due to their efficiency in processing spatial data. During the operational phase,
recurrent neural networks (RNNs), particularly long short-term memory networks (LSTMs),
are predominant for their ability to handle time series data, leading to improved prediction
accuracy; CNNs and hybrid models are also increasingly used for their strong capabilities
in managing complex data structures. For the building renovation phase, feedforward
neural networks are preferred due to their usability, quick training, and broad applicability,
allowing for swift evaluation and adjustments to building performance.

Based on the literature review and analysis, future research directions may include
the following:

e  Exploring improved optimization algorithms to enhance the performance of artificial
neural networks;

e  Exploring optimization of neural network structures and parameter settings to enable
online learning and dynamic adjustments to enhance prediction outcomes;

e Investigating the application of ensemble learning and hybrid models for dynamic
weight adjustment and adaptive learning, integration of heterogeneous models, online
and incremental learning, and enhancing model interpretability and transparency;

e Exploring more effective data cleaning, feature engineering, and data integration
methods to improve data quality and model predictive performance.
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