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Abstract: Effective building energy prediction is vital for sustainable development, especially with
an increasing focus on flexibility and elasticity in building energy usage. However, challenges
persist in input and algorithm selection including suitable input selection and the balance of
calculation time consumption and prediction precision. This study proposed a method for suitable
input selection and introduced a CNN-LSTM-SE model for enhancing prediction precision. The
CNN-LSTM-SE model integrates a convolutional neural network (CNN) process and a squeeze-
and-excitation (SE) block attention mechanism into a long short-term memory (LSTM) neural
network. Experiments across seven buildings demonstrate that selecting inputs improves the
prediction performance with a 13.94% decrease in MAPE (mean absolute percent error), a 3.36%
increase in R? (coefficient of determination), and an 11.20% decrease in CV-RMSE (coefficient-of-
variation of root mean square error) on average compared to not selecting inputs. Moreover,
implementing CNN-LSTM-SE yields a 21.44% MAPE decrease, a 6.25% R? increase, and a 21.82%
CV-RMSE decrease compared to alternative algorithms. Simultaneously employing suitable inputs
and CNN-LSTM-SE balances time consumption and prediction precision optimally.
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Artificial neural network

Convolutional neural network
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Autoregressive integrated moving average

Decision tree
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Correlation coefficient

The coefficient of determination

Mean absolute percentage error
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Particle swarm optimization

Air conditioning

Coefficient of variation

The coefficient of variation for the data set with the normalization process
Interquartile range

The interquartile range for data set with the normalization process
Proportion coefficient to measure the proportion of each energy consumption branch or item
Average of M with an hourly time-scale

The standard deviation of a data set

The mean value of a data set

The maximum value in a data set

The minimum value in a data set




1 Introduction

The global energy crisis and increasing environmental concerns have prompted the need for
sustainable cities and societies. Buildings, responsible for over one-third of total energy
consumption across the globe (!, account for more than 40% of energy consumption in the US and
EU . Similarly, in China, building energy consumption constitutes 45.5% of national energy
consumption, with material production, construction, and operation phases contributing 22.3%,
1.9%, and 21.3% respectively [l These figures highlight the urgency of managing building energy
consumption and reducing carbon emissions. To address this challenge, effective and real-time
energy management technologies are vital, requiring an online accurate energy consumption

prediction system with high accuracy. Various approaches such as the promotion of distributed

(4 [5 (6

energy systems 4, carbon trading mechanisms P!, and smart city construction [®! emphasize the
significance of establishing accurate and online energy consumption predictions. Furthermore, the
introduction of emerging technologies like distributed energy systems complicates energy supply-
demand matching, making precise and immediate energy consumption prediction at an hourly scale
critical for energy network scheduling. Moreover, some individuals and households ! can shift the
energy consumption of some appliances to off-peak periods, such as washing machines, which can
reduce energy consumption and lower electricity costs 719,

Especially in recent years, there has been a growing emphasis on addressing the issues of
flexibility and elasticity in building energy usage, extending beyond the realm of building energy
consumption prediction alone. Simultaneous predictions of whole building energy consumption, as
well as energy consumption prediction in air conditioning systems, lighting systems, and other
electrical devices connected to wall outlets, have become increasingly important. These predictions
hold immense significance as they enable better control over or adjust human behaviors in utilizing
these devices. It can help to shift the energy consumption of some appliances to off-peak periods.
Furthermore, it can align energy demand with variable energy supply, such as solar and wind power
which are subject to temporal and meteorological fluctuations. And then it will be helpful for the
flexibility of building energy uses. Several research studies have explored the importance of energy
consumption prediction and its impact on energy management and demand response strategies. For
instance, Zhan et al. improved energy flexibility and PV self-consumption for a tropical net zero
energy office building based on four kinds of forecasting for outdoor temperature, solar irradiance,
PV generation, and plug loads %1 Khalil et al. comprehensively reviewed the relevant studies and
proposed that forecasting building energy consumption can support energy demand side
management, balance energy supply and demand, and enable the energy flexibility of buildings to
support the energy network 21, Therefore, by incorporating accurate energy consumption prediction

models with different items (including ACs, lights, etc.) into building management systems,



stakeholders can make informed decisions, enhance energy efficiency, and contribute to a more
sustainable built environment.

The field of building energy consumption prediction comprises three primary approaches:
physical modeling methods, combinatorial methods, and data-driven methods. Physical modeling
methods rely on simulation software which incorporates climate files, building geometry, occupant
activity schedules, etc. However, limitations in reflecting real-time interactions among occupants,
energy systems, and the environment hinder its effectiveness, especially in some online applications.

(11-12] * Combinatorial methods

Moreover, questions have been raised regarding their accuracy
integrate physical modeling and data-driven approaches, leading to improved performance.
However, using the software can also compromise online prediction performance, and it also has
some other challenges such as a lack of theoretical hypotheses and standardized nomenclature ['*-
151 Considering the aims, this study will focus on data-driven methods.

As for data-driven methods, it relies on sufficient data and its main work may lie in developing
and selecting suitable inputs and effective algorithms. This study attempted to summarize and
analyze some recent related studies as follows.

As for input system selection, the possible parameters mainly include indoor environment-

related parameters (indoor air temperature [*8), indoor air relative humidity #°!, and room carbon

38 38]

dioxide concentration %], etc.); outdoor meteorological parameters (outdoor air temperature !
outdoor relative humidity %), horizontal solar radiation [**!, wind speed *°1, comprehensive air-
quality index 1), rain ¥ etc.); occupant-related parameters (occupancy !, number of occupants

(491 stay hours [*”), Time interval of energy usage activities °!!, occupant density **], age of the users

[41 s 43 44]

1 gender of the users ), indoor thermal comfort 4, and cultural background M, etc.);

equipment-related parameters (type of ACs ], heating and cooling set point °%, equipment density

[47 g [52

1 equipment schedules °?], operation duration of ACs [**, etc.); time-related parameters (time of
the day [**), and other events [*°], etc.); and building information parameters (whether the house is
old or new !, building geometry (1, shape [*°!, orientation ¢, roof type ¢!, etc.).

However, there are still important challenges to the selection of current inputs. First, different
energy consumption predictions may require different inputs. For example, theoretical analysis
shows that lighting energy consumption has a strong correlation with indoor illuminance but a weak
correlation with indoor air temperature, while air conditioning energy consumption shows the
opposite. Another example may be that plug-load (including lights, sockets, and some split ACs
connected to wall outlets) energy consumption may be strongly influenced by time while centralized
ACs may not. Consequently, there is a pressing requirement to propose methods and conclusions

for selecting suitable inputs when forecasting energy consumption in different cases including

building, AC, lighting, plug loads, etc. Second, even in the same scenario, the selection of inputs



often varies. Moreover, although some recent studies discussed the suitable parameters affecting

building energy consumption 26371

, many different types of inputs are not considered in some
studies. For instance, despite forecasting energy consumption for office buildings **3¢ some
studies do not consider indoor air temperature, while others regard it as a significant influencing
factor. Furthermore, some studies consider various time elements (such as disparities of hours,
months, etc.), while others scarcely consider them. It must be noted that these variances do not
necessarily denote the incorrectness of these studies, and such differences may arise from distinct
building characteristics. These characteristics not only refer to the building type but also encompass
energy consumption compositions (such as the proportion of lighting energy consumption to total
energy consumption), energy consumption features (such as the intensity of fluctuations), and the
climate zone in which the building is located.

For these reasons, it is almost impossible to draw a universal consensus conclusion, as it is
difficult to have a study that encompasses all types of architecture from around the world. However,
it is possible to propose a simple, universal method of input optimization as a standard step in energy
consumption prediction. In this way, the researcher can quickly select appropriate inputs when
oriented to different predictions. This is not only for energy consumption prediction but also to help
analyze the energy-saving potential of different systems, to calculate the energy-saving rate after
certain strategies, etc.

As for the algorithms and their optimizations of data-driven building energy consumption
prediction, the feasibility of many algorithms has been verified. For example, back propagation
neural networks 7, recurrent neural networks %, convolutional neural networks 81, long short-
term memory neural networks %1 support vector machines % multiple linear regression [,
autoregressive integration and moving average %, decision trees %, genetic algorithms 2, etc.
Referring to the statistics of related studies %1, when using intelligence algorithms, 47%, 25% and
4% of the studies used ANN, SVM, and DT respectively to train the models. While the remaining
24% of the studies used statistical algorithms. However, each of these basic algorithms has some
challenges, such as the tendency to fall into local optimum, long calculation time, difficulty in
convergence, low prediction accuracy, etc. Considering their applicability and performance
characteristics in energy consumption prediction, consistent with existing studies, this study tries to
use long short-term memory (LSTM) as the basic algorithm in the face of such time-series problems
as hourly energy consumption prediction.

To further improve the accuracy, speed up the convergence, avoid overfitting, etc., many
studies additionally use many kinds of optimizations on top of the basic algorithm. First, the data
processing process can be optimized with optimization algorithms, such as using K-means

clustering methods 4 to classify the input and then predict the energy consumption by different



scenes. Some other methods such as using generative adversarial networks (GAN) to obtain
generating parallel data, and then training the prediction model using a hybrid dataset including both
original and generating parallel data ©®; using methods such as Minimum redundancy maximum
relevance (MRMR) algorithm to analyze the data features and then perform classification prediction
671 Second, the hyperparameter optimization selection process can be optimized algorithmically,
for example, using some swarm intelligence algorithms for hyper-parameters tuning such as weights
and thresholds of neural networks ?°-*1 including sparrow search algorithm [ particle swarm
optimization %, cuckoo search algorithm 7% ant colony optimization [21, grey wolf optimization
[721 ‘and whale optimization algorithm [®l, etc. Finally, it can also be optimized with a combination
of multiple algorithms. For example, Liang et. al. combined the deep ensemble (DE) model and
autoregressive (AR) model %1, and it is worth noting that the two previous types of optimization
processes can also be used in combination at the same time.

However, there are still important challenges to algorithms. The key challenge is to balance the
calculation time consumption and prediction precision, expanding to include: the tendency to fall
into local optimum, the complexity or long-time computation of the procedure, the low prediction
accuracy, the difficulty of online application, the difficulty of reflecting both peak and trough values,
and the difficulty of applying to various types of buildings, etc. Specifically, for example, some
swarm intelligence algorithms may require a lot of extra time for iteration which makes online
applications difficult; some algorithms may not be suitable for buildings with complex energy
consumption fluctuations; and some algorithms may stabilize the predicted values around the mean
value but have weak predictions of peaks and valleys, etc.

For these reasons, it is necessary to propose a training algorithm structure that brings a large
improvement in prediction accuracy with as little a consumption of extra time as possible (compared
to an unoptimized LSTM).

To address the above challenges on inputs and algorithms, this study proposes a complete
building energy consumption prediction system mainly including selecting suitable inputs and
upgrading algorithms. First, this study used correlation coefficient analysis to discuss the most
appropriate inputs for energy consumption prediction of the whole building, air conditioning, and
plug loads. Second, this study introduces the CNN-LSTM-SE algorithm, which integrates CNN into
LSTM for optimizing the data processing process, and introduces the Squeeze-and-Excitation block
attention mechanism (SE) into LSTM for optimizing the hyperparameter optimization process.
Finally, in this study, eighty-four sets of data simulation experiments consisting of seven different
buildings, two inputs, and six algorithms are cross-composed for validation, and the changes in
prediction performance due to improved inputs and improved algorithms are discussed. The two

inputs include suitable parameters with selection by the proposed method and all parameters. The



six algorithms include: the most conventional LSTM, the proposed CNN-LSTM-SE, CNN-LSTM,
and LSTM-SE used to validate that the combination of the CNN and SE modules is valuable, as
well as the optimized algorithms LSTM-PSO and LSTM-GA, which are commonly used nowadays.

The remaining sections are organized as follows. Section 2 provides all the methods and
necessary information for this study. Section 3 presents the results on selecting suitable inputs and
forecasting energy consumption in different scenes. Section 4 will discuss the performance changes
when enhancing the energy consumption prediction, and list the limits of this study. In Section 5,

the conclusions are presented. The targets and overall research methods are shown in Figure 1.
Detailed process of building energy

Targets and overall research program :
| consumption prediction

Enhancing building energy consumption prediction

v

Discuss the two kinds of inputs and six kinds of algorithms for
four kinds of predictions (the whole building, AC, lighting,
plug-load energy consumption prediction) in seven buildings

Data collection
(Environment/Energy/Occupant/Meteorology data)

Input selection by using the correlation coefficient
(‘correlation coefficient » > ().2' means a valid input)

Target (a): Enhancing prediction by improving input
selection (using the input selection process or not)

Data preprocessing and hyperparameter setting

v

LSTM No.1 Optimization module: CNN module
Input b: Using all possible CNN-LSTM-SE ¢
LTSM module
CNN-LSTM
No.2 Optimization module: PSO/GA/SE module
Sl Bl Swarm intelligence optimization — PSO/GA
3 s Attention mechanism optimization - SE attention
Input a: Selecnn‘gt suitable LSTM-GA
parameters as inputs
LSTM-PSO Training and validation

Target (b): Enhancing prediction by improving algorithms
(using CNN-LSTM-SE or other algorithms)

v

Output
(Hourly building energy consumption prediction)

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
parameters as inputs |
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|

Note: The input selection process discusses four types of energy consumption predictions (whole building, air conditioning, lighting, and plug
load energy consumption predictions); the algorithm validation process mainly discusses only whole building energy consumption predictions

Figure 1 The overall targets, methods, and research flowchart of this study

2 Methodology
2.1 Sample buildings and related data collection

The sample buildings in this study are shown in Table 1, coded Buildings A—G. The main types
of campus buildings include dormitories, office buildings, educational buildings, libraries, and
academic laboratory buildings. The energy consumption pattern of dormitory buildings is relatively
homogeneous, and the dormitories in the target campus do not have air-conditioning equipment and
have restricted electricity consumption time (power off after 22:30). Therefore, the dormitory
buildings of this campus do not seem to be typical. Moreover, since there are more studies on
dormitory or residential buildings, this study chooses some typical office buildings, educational

buildings, libraries, and academic laboratory buildings as study cases (Buildigs A—G). These



buildings will have an EUI (Electrical consumption intensity) of more than 30 kWh/m?, and these

buildings will have as much energy-using equipment as possible and can be freely used.

Table 1 The sample buildings in this study

Codes Types Energy consumption items Heating and cooling systems EUI (kWh/m?)
Plug-load (including lights, split ACs, and Heating: District heating system with municipal hot
Building A Laboratory other electrical equipment connected to water and using split ACs as a supplement 75.76 kWh/m?
wall outlets) Cooling: split ACs
Plug-load (including lights, split ACs, and Heating: District heating system with municipal hot
Building B Office other electrical equipment connected to water and using split ACs as a supplement 44.89 kWh/ m?
wall outlets) Cooling: variable refrigerant flow multilink ACs
Centralized ACs, and Plug-load (including Heating: District heating system with municipal hot
Building C  Laboratory lights, and other electrical equipment water alone 41.55 kWh/ m?
connected to wall outlets) Cooling: centralized ACs (with screw chillers)
Centralized ACs, and Plug-load (including  Heating: District heating system with municipal hot
Building D Library lights, and other electrical equipment water alone 30.54 kWh/ m?
connected to wall outlets) Cooling: centralized ACs (with screw chillers)
Centralized ACs, and Plug-load (including Heating: District heating system with municipal hot
Building E  Library lights, split ACs, and other electrical water and using some split ACs as a supplement 60.09 kWh/ m?
equipment connected to wall outlets) Cooling: centralized ACs (with screw chillers)
Heating: District heating system with municipal hot
Plug-load (including lights, split ACs, and
water alone
Building F Education  other electrical equipment connected to 62.74 kWh/m?
Cooling: none in most rooms and few split ACs in
wall outlets)
computer and discussion classrooms (only three)
Plug-load (including lights, and other Heating: District heating system with municipal hot
Building G Education  electrical equipment connected to wall water alone 37.76 kWh/m?

outlets)

Cooling: none

An energy-consumption monitoring and management system was installed in the sample

buildings, which can comprehensively record the current, voltage, and energy consumption changes

in all energy-use items and branches and upload related data to cloud platforms, as shown in Figure

2(a). Indoor environmental data were obtained from ceiling-mounted sensors installed in the

buildings with at least one sensor in each room and corridor, where the installation location and

equipment schematic are shown in Figure 2(b). Outdoor meteorological data were recorded and

collected from the China Meteorological Science Data Center (61, Occupancy and the number of

occupants were obtained from the automatic access control system or similar monitoring systems

(installed in Buildings A, B, C, F, and G) and the seat reservation system (installed in Buildings D



and E) in 2021 and collected hourly, as shown in Figure 2(c). Moreover, this study also used indoor
CO; concentrations reflecting the occupancy or number of occupants in some buildings, and this
alternative has also been proven effective in many studies 721,

All data were collected with an hour-scale in 2021. In universities, various activities of students
and teachers are influenced by campus schedules, such as course schedules and examination plans.
As for a year, it generally includes vacation, exam days, and non-exam days. As for the day of a
period, it can be divided into two kinds including weekdays and weekends. As for the time of one

day, it generally includes working time, transition time, and night.
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Figure 2(a) The monitoring and management of building energy consumption 4!

Indoor air temperature from —40°C to 125°C with a precision of £0.2°C over an 8s recording time interval

Indoor air humidity in a range of 0-100% RH with a precision of £2% RH over an 8s recording time interval
Indoor PM2.5 concentration with a range of 0.3-10 pm with a precision of 1 pg/m* over a 10s recording time interval
Indoor CO; concentration from 400 to 2000 ppm with a precision =40 ppm over a 30s recording time interval.
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Figure 2(b) The monitoring and management of building indoor environmental parameters [74



A seat reservation system An automated temperature monitoring system (for
(Red: Occupied, Green: Unoccupied, Yellow: | COVID-19 prevention and control), which can be used for
Occupied but the user is temporarily away) counting the numbers of occupants
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Figure 2(c) The monitoring and management of occupancy (or number of occupants) [74]

Figure 2 Different parameter monitoring systems in this study (Several previous studies have applied similar data
collection platforms [4T)

2.2 Characteristics of energy consumption for different items

To measure the fluctuation complexity of building energy consumption and the proportion of
each branch in the total energy consumption, this study adopts the coefficient of variation (CV) and
interquartile range (IQR) to assess energy consumption variability and changes. The proportion
coefficient (M) is also defined to measure the proportion of each energy consumption branch or
item. To ensure a more objective comparison among different buildings, this study normalizes the
building energy consumption using the Max-Min normalization method before analyzing the
proportions and complexities. The parameters obtained from normalization are defined as NCV,
NIQR, and NM. The proportion coefficient NM is further taken as the average value to reflect the
average proportion of each energy consumption branch, defined as ANM. The equations are shown
as follows:

— STDEVP([Ex1,Ex2/Ex3---Exnl)
MEAN ([Ex1,Ex2.Ex3-Exn]

IQR ([x1:x2:x3 ---:xn]) = Q3 ([X1, X2,X3 "'!xn]) - Ql ([xl' X2, X3 '"!xn]) (2)

cv ([‘xll X2, X3 oo,y xn])

1)

_ Ext
Mt -_

x 100% (3)

Etotalt

Xp—Min([x1,X2,X3...Xn])

N, = Normalization ([xy, X3, X3 ..., X,]) = Mo e D Min (o tei]) 4)
NCV = CV(Normalization ([x1, X3, X3 ..., Xn])) (5)
NIQR = IQR (Normalization ([x, X3, X3 ..., X,])) (6)
N
AM — Zt:lMt (7)

N
Where [xq, x5, X3 ..., x,] represent a data set, where x,, represents an individual data point
in the column. The definitions for other data sets (CV, IQR, M, and E) are the same. E, and E;yta
represent the energy consumption of an item and the total energy consumption respectively. Max

and Min represent the maximum and minimum values in a data set. STDEVP and MEAN respectively



represent the standard deviation and the mean value of a data set. Q; and Q; represent the third
and first Quartile respectively. A quartile is a value that is arranged in statistics from the smallest to
the largest and divided into four equal parts, at three division points. Q,, also named the lower
Quartile, is equal to the 25th percentile of the sorted data. Qs, also named the upper Quartile, is
equal to the 75th percentile of the sorted data. The results on characteristics of energy consumption
for different items by NCV, NIQR, and NM are shown in Table 2.

Table 2 The results on characteristics of energy consumption for different items by NCV, NIQR, and AM

NCV, NCV, NCV, NCV, NIQR, NIQR, NIQR, NIQR, AM, AM, AM,

A 0244  0.168  0.278  0.097 0.291 0.196 0.293 0.719  57.23% 38.44% 4.33%
B 0.203  0.131  0.210  0.156 0.823 0.706 0.424 1.122  3.68% 64.74% 31.58%
C 0.508  0.164 0250 0.725 0.506 0.203 0.234 1.036  22.96% 50.99% 26.05%
D 0315 0.519 0301  0.009 0.719 0.536 0.981 2,602  69.02% 24.75%  6.23%
E 0317 0543 0325  0.241 0.958 1.011 0.880 1.032  9.64% 70.18% 20.18%
F 0.240 - - - 0.333 - - - 100% -

G 0.658 - - - 0.875 - - - 100% -

Note: The subscripts t, p, I, and a represent the parameters used to analyze the whole building, plug-load, light, and AC

energy consumption data sets, respectively.

2.3 Correlation coefficient analyses

To determine reasonable inputs, the main factors affecting energy consumption are typically
used as input parameters. In determining the influencing factors, the correlation coefficient r is
commonly used to measure the correlation. Generally, for fitting performance, "r = 0" indicates no
correlation, "0 <|r|<0.3" indicates a weak correlation, "0.3 <|r|<0.5" indicates a low correlation, "0.5
<|r|<0.8" indicates a significant correlation, "0.8 <|r] < 1" indicates a high correlation, and "r=1"
indicates perfect linear correlation 22231, However, these thresholds are not absolute and should be
adjusted according to specific circumstances. In the field of building energy research, building
energy consumption is a variable that receives the influence of various parameters such as occupant-
related parameters, indoor environmental parameters, outdoor meteorology parameters, equipment-
related parameters, time, etc., so it is difficult to require that the correlation between each parameter
and the energy consumption is greater than 0.8 (high correlation) 22231, Currently, the correlation
threshold commonly used in recent research generally is 0.1-0.5 (Specific values include 0.1, 0.2,
0.3, or 0.5 %)) in puilding electricity, heating, or cooling consumption prediction. Referring to
these studies 12223 81851 in this study, if the correlation coefficient is greater than 0.2, it can be
considered a potential input parameter. The correlation coefficient (r) is calculated as shown in
equation (8):

cov(a,b)

JVar(a)xvar(b) (8)
Where a and b are different variables, Cov and Var are the covariance and variance process.
2.4 CNN and LSTM

r(a,b) =



The LSTM model utilizes gating mechanisms to effectively retain historical information,
addressing the issue of vanishing gradients in shallow neural networks 262”1, CNNs, known for their
abstract representation capabilities, are commonly employed for image recognition and have also
been adapted for extracting hidden features from input data 26”1, Considering that both LSTM and
CNN represent classical neural network architectures, this study does not detail the mathematical
derivation process but presents only the results of the detailed hyperparameter selection process.

For the CNN hyperparameters 26271 the maximum number of iterations (MaxEpochs) is set to
100, with an initial learning rate (InitialLearnRate) of 0.01. Additionally, LearnRateDropPeriod is
80, and LearnRateDropFactor is 0.8 (The learning rate is multiplied by a factor every time a certain
number of periods elapse, where the multiplication factor is LearnRateDropFactor and the number
of periods is LearnRateDropPeriod). In the case of LSTM [26-27] the LearnRateDropPeriod is 800,
and the LearnRateDropFactor is 0.8. MaxEpochs is set to 1000, and InitialLearnRate is 0.01. L2
Regularization ! is implemented in both CNN and LSTM models to prevent overfitting. A mean-
squared-error loss function and a stochastic gradient descent (SGD) were used to calculate the loss
and optimization. Moreover, the ReLU function (Linear rectification function) will be used as the
activation function in the CNN process, of which the convolutional kernel size is 64 [®]. The tanh
function will be used as the activation function in the LSTM process. The neurons of LSTM are set
to 32 and the hidden layers are set to 2 (Note: In LSTM-PSO and LSTM-GA, PSO and GA are used
to solve for the optimal number of hidden layers instead of setting it to 2 directly).

2.5 Particle swarm optimization (PSO) and genetic algorithm (GA)

Particle Swarm Optimization (PSO) is inspired by social behavior such as bird flocking or fish
schooling. In PSO, a population of potential solutions, called particles, move through the solution
space following the best particles. Each particle adjusts its position according to its own experience,
as well as the experiences of its neighbors. On the other hand, Genetic Algorithms (GA) are based
on the principle of natural selection and genetics. This algorithm uses the concepts of selection,
crossover, and mutation to evolve a population of solutions over successive generations. Individuals
that are better suited to the environment survive and produce offspring with traits that are also well-
adapted to the problem at hand. Both PSO and GA have been widely applied to various optimization
problems in engineering, economics, and other fields, and each has its strengths and weaknesses in
different problem domains. While PSO emphasizes the concept of collaboration and sharing of
information among particles, GA relies on the principles of evolution and natural selection to
converge toward optimal solutions.

Considering that both PSO and GA algorithms belong to the mathematical derivation is very
clear and widely used in various types of research, this study will not list the mathematical derivation

process of PSO and GA in detail (the process can be found in references 2°2%1), listed the selection



process of key hyperparameters as follows.

The key parameters of GA include population size, maximum number of iterations, selection
probability, crossover probability, and mutation probability. Population size represents the number
of individuals in each iteration. The maximum number of iterations signifies the maximum iteration
steps. The selection, crossover, and mutation probabilities denote the likelihood of occurrence for
selection, crossover, and mutation operations, respectively. The population size is fixed at 20, and
the maximum number of iterations is set to 50. Drawing from relevant research, the selection,
crossover, and mutation probabilities are chosen as 0.8, 0.2, and 0.2, respectively 221, In contrast,
the key parameters of PSO include population size, maximum number of iterations, inertia weight,
and learning factors. The population size and maximum number of iterations are also set at 20 and
50, respectively. The inertia weight (w) determines the flight speed of particles, where a higher
inertia weight allows particles to take longer strides for global exploration, while a smaller weight
encourages finer local exploration. Referring to relevant studies, the inertia weight is set at 0.8 (521,
The learning factor C; represents the weight of a particle's own best position in influencing its next
move, essentially pushing the particle towards its optimal position, while the learning factor C,
represents the weight of the best position of other particles in steering a particle towards the
collective optimal position. Based on pertinent research, the learning factors are set at 1.6 for C, and
1.8 for Ca.

2.6 Squeeze-and-excitation (SE) block attention mechanism

The Squeeze-and-Excitation (SE) block is a structural component that prioritizes the channel
dimension and incorporates a channel attention mechanism. This mechanism dynamically adjusts
the relevance of each channel by assigning importance weights, enabling the enhancement or
suppression of specific channels. Consequently, this attention mechanism facilitates the extraction
of valuable features while disregarding irrelevant ones. The SE model is shown in Figure 3.

First, in Step 1 (Squeeze), features are compressed in spatial dimensions while the number of
feature channels is maintained. Specifically, the module produces global pooling, which converts
each two-dimensional feature channel to a real number (U,,) using the equation (9) shown below.

M and N represent the spatial dimensions.

M N
Uk=W:m,n= L2,.. ®©)

Second, in Step 2 (Excitation), this module contains two fully connected layers, a Sigmoid
function layer, and a ReLU function layer. S is the output of the Sigmoid function. Sigmoid and
ReLU represent the two activation functions respectively. W, and W, are the corresponding
parameters for these two fully connected layers. This step results in a lifting and then a reduction in
the dimensionality of the features, as shown in equation (10).

S = Sigmoid [W, X ReLU(W; x U)] (10)



Finally, in Step 3 (Reweight), the input features are weighted channel-by-channel to complete

the weight reassignment of the original features.

Fully connected A’{Rel.l" activation H Fully connected }_' Sigmeoid activation

Global pooling H layer (a) function layer layer (b) function layer

Initial Value > Scale

Figure 3 The step flow chart of the Squeeze-and-Excitation (SE) block

In the SE module, the sigmoid function will be used as the activation function, and the neurons
of SE are set to 128 according to some recent studies 6% (1t will be set to 128 or 256 generally).
According to these studies, researchers proposed that a higher dimensionality would allow for more
fine-grained attention but also increase the complexity and computational requirements of the model.
In balancing these factors, 128 was chosen as a suitable compromise, offering sufficient granularity
while keeping the computational demands within manageable limits %, Moreover, the SE module
is usually added as a fully connected layer after the convolutional layer, which means SE is a single-
layer structure without hidden layers.

2.7 Evaluation Indicators

The performance of the proposed method was evaluated using three indices: the coefficient of

determination (R?), the mean absolute percentage error (MAPE), and the coefficient-of-variation of

root mean square error (CV-RMSE), computed using equations (11-13).

2 — _ Zgz’f(Ea,c—Eb,c)z
R (Eav Eb) - 1 Z(C;zg_l(Eb,c_E)z (11)

—n Ea,c—E
TEET I —Px100%
,C

MAPE (E,, Ep) = - (12)

CV — RMSE (E,, Ep) =Efz (13)

Where, E,, and E, is the prediction and actual energy consumption, kWh. In addition, to
measure the improvement, P/ is defined.

Mo—My

PlyapE or cv—rmMsE = My x 100% (14)
Pl =120 100% (15)
M

Where M, and M, are the values of the evaluation indices before and after development. For
example, if comparing LSTM and CNN-LSTM, the M, is the performance of LSTM while the M,
is the performance of CNN-LSTM. In the two equations, the positive values indicate performance
improvement while negative values mean performance degradation.

In addition, it was important to evaluate the time required for implementation. It is the time of
the whole algorithm realization, from the beginning of data import to the end of the output of
evaluation index results, including the whole training and validation process, and its unit is second

(s). In this study, the time consumption was recorded using the timing program provided by



MATLAB. The program was run on a specific computer (Lenovo, Tianyi 510 pro, CPU: i7-13700),
with a consistent operator and other influencing factors such as parameter selection kept constant
throughout the analysis.

3 Results and discussion

Possible parameters as input mainly include historical energy consumption parameters, outdoor
meteorological parameters, indoor environment parameters, occupant-related parameters which are
indirectly reflected by indoor CO, concentration, and time-related parameters. Equipment and
envelope performance parameters and building form parameters which remain constant from hour
to hour are not considered as inputs in this study. This is because, in the multivariate input and
univariate output data-driven prediction, these parameters are basically kept constant at every hour
and cannot be used to reflect the hourly changes in building energy consumption. They are mostly
used for classification and feature extraction rather than for input.

Therefore, in this study, there are two kinds of inputs and six kinds of algorithms as follows.

Input A: Using all possible parameters as inputs, including time, historical energy consumption,
indoor air temperature, indoor CO; concentration, indoor air humidity, indoor PM2.5 concentration,
outdoor air relative humidity, outdoor air temperature, outdoor solar radiation intensity, longitudinal
wind speed, latitudinal wind speed, cloudiness, and precipitation, referring to recent studies %32,

Input B: Selecting suitable parameters as inputs. The rule is if the correlation coefficient
between this parameter and energy consumption is greater than 0.2, this parameter will be
recognized as suitable input.

Algorithms A—F: LSTM, CNN-LSTM, LSTM-SE, CNN-LSTM-SE, LSTM-PSO, LSTM-GA.
These algorithms included the most conventional LSTM, the proposed CNN-LSTM-SE, CNN-
LSTM, and LSTM-SE used to validate that the combination of the CNN and SE modules is valuable,
as well as LSTM-PSO and LSTM-GA which are commonly used recently.

Output: Building energy consumption.

3.1 Input selection and analyses

Forecasting the whole building energy consumption, AC energy consumption, lighting energy
consumption, and plug-load energy consumption may have different suitable inputs. Therefore, the
input selection will be categorized according to these four forecast scenes.

(1) For the whole building energy consumption forecast in Buildings A—G, the input selection
results are shown in Figure 4. The conclusions are shown as follows:

(1-a) Historical energy consumption, time, and indoor CO> concentration are generally valid,
which may be explained by the fact that these three factors can be used to reflect the intensity of
occupant energy-use behaviors during a certain period of time, which can then be used as inputs for

building energy consumption prediction.



(1-b) Indoor air temperature and humidity and outdoor air temperature are valid in most air-
conditioned buildings (Buildings A-E), but outdoor air humidity is not sensitive to building energy
consumption.

(1-c) Outdoor solar radiation intensity is valid in buildings where the lighting energy
consumption exceeds a certain threshold (not valid in Buildings C and E) because this parameter is
strongly correlated with lighting energy consumption.

(1-d) Cloudiness, wind speed, indoor PM2.5 concentration, and precipitation may affect the
use of some equipment and are valid in a few scenarios. However, the correlation between these
parameters and energy consumption is low. It can be proposed that cloudiness, wind speed, and

indoor PM2.5 concentration may be largely ineffective.
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Figure 4 Correlation analysis results between the parameters and whole building energy consumption

(2) For the AC energy consumption forecast in Buildings A—E, the input selection results are
shown in Figure 5. The conclusions are shown as follows:

(2-a) Historical energy consumption and indoor CO; concentration are generally valid, and the
reason is similar to (1-a).

(2-b) Time, indoor air temperature and humidity, and outdoor air temperature and humidity are
valid in most scenarios. The reason is that these parameters significantly affect air conditioning
energy consumption

(2-¢) Outdoor solar radiation intensity is applicable in some scenarios (Buildings A, C, and D),
presumably because the outdoor solar radiation can significantly respond to hourly daily variations
and yearly seasonal variations, making it similar to the conclusion in (2-b).

(2-d) Wind speed and indoor PM2.5 concentration are applicable in a small number of
scenarios (Buildings A and E), and the common feature of Buildings A and E in terms of air

conditioning energy consumption may be that Buildings A and E have small fluctuations in air



conditioning energy consumption. It may mean that occupants in Buildings A and E may not readily
use or adjust the ACs, and it is only used to assist in the indoor environment creation in some
scenarios such as extreme weather.

(2-e) Cloudiness and precipitation are only effective in some very specific scenarios with low

correlation and do not have universal conclusions.
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Figure 5 Correlation analysis results between the parameters and AC energy consumption

(3) For the lighting energy consumption forecast in Buildings A—G, the input selection results
are shown in Figure 6. The conclusions are shown as follows:

(3-a) Historical energy consumption and indoor CO, concentration are generally valid, and the
reason is similar to (1-a).

(3-b) Outdoor solar radiation intensity is generally valid. This may be due to the strong
correlation between outdoor solar radiation and indoor illuminance, which significantly affects the
occupant behaviors about using lighting equipment and thus significantly affects lighting energy
consumption.

(3-¢) Outdoor air temperature is universally valid, presumably because outdoor air temperature
can respond significantly to seasonal variations, and thus indirectly to parameters such as hours of
daylight, which are very strongly correlated with lighting energy consumption.

(3-d) Time, indoor air temperature and humidity, and outdoor air humidity are valid on some
occasions, probably similar to the conclusion (3-b), and these parameters can respond more
indirectly to seasonal changes.

(3-e) Cloudiness, wind speed, and indoor PM2.5 concentration were largely ineffective.
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Figure 6 Correlation analysis results between the parameters and lighting energy consumption

(4) For the plug-load energy consumption forecast in Buildings A—G, the input selection results
are shown in Figure 7. The conclusions are shown as follows:

(4-a) Historical energy consumption, time, and indoor CO» concentration are universally valid,
and the reason is similar to (1-a).

(4-b) Indoor air temperature and humidity and outdoor air temperature and humidity are valid
in some buildings, possibly because these parameters may affect the use of some cooling and heating
equipment such as electric heaters.

(4-c) Similar to (1-c), outdoor solar radiation intensity is valid in buildings where the lighting
energy share exceeds a certain threshold (it is not valid in Buildings C and E). Whereas almost all
buildings have outlet branches that mix lights due to wiring or other reasons (similar scenes can be
found in research [74—75]), it may cause this conclusion similar to (1-c).

(4-e) Cloudiness, wind speed, and indoor PM2.5 concentration are largely ineffective.
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Figure 7 Correlation analysis results between the parameters and plug-load energy consumption

Considering the above conclusions, the suitable input parameters and corresponding scenarios
in the different predictions can be listed in Table 3 below. These parameters can be divided into five
categories:

(1) Generally valid (symbol: V): These parameters can be used as inputs in all scenarios without
controversy;

(2) Valid in most scenarios (symbol: 0O): These parameters can be used as inputs in most
scenarios (e.g., solar radiation intensity for lighting energy consumption prediction, and outdoor
temperature for air conditioning energy consumption prediction);

(3) Valid for some special scenarios (symbol: o): These parameters can be used as inputs in
some special scenarios, which are shown in Table 3 below;

(4) Valid for a few non-special scenarios (symbol: 3 ): These parameters can be used as inputs
in only a small number of scenarios, but these scenarios do not seem to have a clear common feature.
Therefore, no clear conclusion can be given and it is recommended to validate them before each
prediction;

(5) Generally invalid (symbol: x): These parameters cannot be as inputs in most scenarios.

Table 3 The results of selecting suitable parameters for different predictions

Building energy ~ ACenergy  Lighting energy  Plug-load energy

consumption consumption consumption consumption
Time S = X S
Historical energy consumption S S S S
Indoor air temperature o(A) i X X
Indoor CO2 concentration \ \ \ \
Indoor air humidity o(A) O X X
Indoor PM2.5 concentration x o(C) x x
Outdoor air relative humidity x i X X
Outdoor air temperature o(A) o i X

Outdoor solar radiation intensity o(B) O S o(D)

Longitudinal Wind speed x o(C) x x
Latitudinal wind speed x o(C) x x
Cloudiness x x x x
Precipitation x x x x

Note: Scenario A: There are air conditioners in the building (Buildings A-E in this study). Scenario B: The proportion
of lighting energy consumption to total energy consumption in the building exceeds a certain threshold (Buildings
A, B, D, F, and G in this study). Scenario C: Building air conditioning energy consumption fluctuates less (Buildings
A, and E in this study). The reason for this is hypothesized to be that occupants in this type of building may not
readily use or adjust the air conditioning, and it is only used to assist in creating an indoor environment in some
scenarios such as extreme weather. Scenario D: The proportion of lighting energy consumption to total energy
consumption in the building exceeds a certain threshold (Buildings A, B, D, F, and G in this study). This scenario is

similar to Scenario B, presumably because this parameter is more strongly correlated with lighting energy




consumption. The similarity occurs because almost all buildings have outlet branches that mix lights due to wiring

or other reasons.

3.2 Building energy consumption prediction with different inputs and algorithms

Taking energy consumption prediction for the whole building as the sample, eighty-four sets
of data simulation experiments consisting of seven different buildings, two kinds of inputs, and six
kinds of algorithms are cross-composed for validation. And selecting these four typical cases for
comparative analyses:

Case a: Using LSTM as the algorithm and all parameters as inputs;

Case b: Using LSTM-PSO as the algorithm and all parameters as inputs;

Case c: Using LSTM-GA as the algorithm and all parameters as inputs;

Case d: Using CNN-LSTM-SE as the algorithm and selecting suitable parameters as inputs.

It can be calculated that Case d decreased 1.76%-12.82% MAPE (Average: 5.61%), increased
3.45%-13.28% R? (Average: 7.26%), decreased 1.98%-8.42% CV-RMSE (Average: 5.69%), and
decreased 822.53-5055.57s (Average: 2771.65s) compared to Cases b-c on average. The results of

these four selected cases are shown in Figure 8.

Case a: LSTM, Use all inputs  Case b: LSTM-PSO, Use all inputs  Case ¢: LSTM-GA, Use all inputs  Case d: CNN-LSTM-SE, Select suitable inputs
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Figure 8 The results of building energy consumption prediction with different inputs and algorithms
All results of eighty-four simulation experiments are shown in Appendix A. For two kinds of
inputs and six kinds of algorithms (There are twelve combinations after the permutation), the
combination of using suitable parameters as inputs and CNN-LSTM-SE as algorithms may have the

best performance which balances the time consumption and prediction precision better. The



performance improvement ranges are shown in Figure 9, compared to the other eleven combinations
on average in different buildings. The eleven performance change data (All changes are
performance improvement and no performance degradation has occurred ) are plotted as a box-line
diagram. Due to seven buildings and three evaluation indicators, Figure 9 includes twenty-one box-
line structures.

For actual values, the combinations employing suitable parameters as inputs and CNN-LSTM-
SE as algorithms can improve the prediction performance by decreasing 1.15%-65.32% of MAPE
(Average: 28.87%), increasing 0.27%-18.74% of R? (Average: 7.61%), and decreasing 0.64 %-—
59.12% of CV-RMSE (Average: 26.63%) in different buildings. It will reduce by 2712.20s
compared to the combinations with LSTM-PSO or LSTM-GA and increase by only 62.82s
compared to combinations with LSTM, CNN-LSTM, or LSTM-SE on average.
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Figure 9 Performance improvement by selecting suitable parameters as inputs and using CNN-LSTM-SE as the
training algorithm simultaneously

The performance improvement in Figure 9 is from two sources. The performance improvement
from enhancing inputs alone and enhancing the training algorithm alone will be discussed as follows.

When discussing the comparison of prediction performance change resulting from selecting
the suitable parameters as inputs or not (using all parameters as inputs), the training algorithms will
remain fixed. The improvement values are 3.56%-25.56% (Average: 13.94%) decrease of MAPE,
2.34%-5.20% (Average: 3.36%) increase of R?, and 4.26%-18.25% (Average: 11.20%) decrease
of CV-RMSE. Moreover, it can decrease time consumption by 25.34s-128.46s (Average: 50.56s).
The performance improvement ranges from inputs are shown in Figure 10, with graphical

composition illustrated similarly to Figure 9.
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Figure 10 Performance improvement results by using suitable parameters as inputs

When discussing the comparison of prediction performance change resulting from using CNN-
LSTM-SE as the training algorithm or not (using other algorithms), the inputs will remain fixed.
The improvement values are 15.79 %-32.01% (Average: 21.44%) decrease of MAPE, 2.69%-9.31%
(Average: 6.25%) increase of R?, and 15.68%—29.23% (Average: 21.82 %) decrease of CV-RMSE.
Moreover, it can decrease time consumption by 781.40s-4988.94s (Average: 2696.89s) compared
to LSTM-PSO or LSTM-GA, and increase it by 20.69s-161.04s (Average: 91.30s) compared to
CNN-LSTM, or LSTM-SE on average. It is also important to note that since the prediction
performance of LSTM without any optimization module is so poor, the comparison did not include
LSTM and only included LSTM-SE, LSTM-PSO, LSTM-GA, and CNN-LSTM. The performance

improvement ranges from algorithms are shown in Figure 11, with graphical composition illustrated

similarly to Figure 9.



Figure 11 Performance improvement results by using CNN-LSTM-SE as the training algorithm alone
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The detailed data about prediction performance improvement by selecting suitable inputs and

using CNN-LSTM-SE in different buildings will be shown in Table 4.

Table 4 Prediction performance improvement from selecting suitable inputs and using CNN-LSTM-SE on average

Prediction performance improvement by

selecting suitable parameters as inputs

Prediction performance improvement by using CNN-LSTM-SE as

the training algorithm

Building
MAPE R? CV-RMSE Time MAPE R? CV-RMSE Time Time

decrease  increase decrease decrease (s)  decrease increase decrease Increase (s)  decrease (S)
A 15.738%  3.815% 12.927% 128.4628 26.912% 7.531% 23.072% 124.2820 3810.9428
B 8.278%  2.427% 4.264% 47.9917 19.231% 9.308% 21.752% 161.0357 4988.9405
C 15.209% 4.771% 10.938% 36.9945 32.006% 8.645% 19.413% 33.4222 3206.5365
D 25.556%  5.204% 10.887% 38.3702 15.790% 6.006% 17.763% 102.2108 2368.2990
E 13.197%  2.540% 9.441% 28.0787 17.403% 5.058% 15.677% 20.6880 1375.9600
F 3.562%  2.416% 11.680% 25.3373 16.154% 4.531% 25.833% 55.7602 781.4018
G 16.041% 2.337% 18.249% 48.6860 22.583% 2.686% 29.230% 141.6883 2346.1520

Note: 1. MAPE decrease, R? increase, and CV-RMSE decrease represent the percentage of performance improvement (in %), while

Time decrease and Time increase represent the value of time increase or decrease (in s). 2. Time increase represents the increase in time
consumption by using CNN-LSTM-SE, mainly comparing the three algorithms: LSTM, CNN-LSTM, and LSTM-SE, while time
decrease represents the decrease in time consumption using CNN-LSTM-SE, mainly comparing the two algorithms: LSTM-PSO, and
LSTM-GA.

4 Limits and future directions

(1) In this study, the correlation coefficient method was used to select the suitable inputs with

the judgment threshold of correlation being 0.2. Although many studies have endorsed the selection

of this threshold, it is assumed that the correlation coefficient between parameter A and energy

consumption is 0.199, while it is 0.201 for parameter B, and there does not appear to be a significant

difference between the effects of parameters A and B on energy consumption. However, they will

be completely differentiated in this study. Although the parameters in this study do not seem to



present this special case, this phenomenon needs to be carefully considered in subsequent studies.
That is, it may be more reasonable and scientific if the judgment of the correlation threshold is
segmented and fuzzy rather than a fixed value.

(2) More different kinds of buildings may be needed. In particular, in this study, some scenarios
require specific data to be constrained (e.g., AC energy consumption share of total energy
consumption, CV and IQR of energy consumption distribution, etc.), which means that more
buildings with different types and located in different climate zones are needed for validation.

(3) In the context of algorithms, this study is only preliminary in its consideration of the
attention mechanisms, because attention mechanisms encompass a variety of branches, such as
Channel attention, Spatial attention, and Branch attention (SE attention, employed in this study,
constitutes a kind of channel attention). Additionally, some other recent optimizations were not
considered in this study, especially some recent swarm intelligence algorithms such as the sparrow
search algorithm (SSA). These swarm intelligent optimization algorithms may have been improved
the computationally cumbersome problem compared to the PSO. Therefore, more studies for more
attention mechanisms and swarm intelligent optimization algorithms need to be considered in the
future.

5 Conclusions

This study presents a comprehensive method for enhancing building energy consumption
prediction, which includes selecting appropriate inputs and improving algorithms for different
forecast targets including forecasting energy consumption for whole building energy consumption,
AC systems, and plug loads.

Regarding selecting appropriate input, it is crucial to use suitable inputs for accurate energy
consumption prediction. In this study, many parameters were discussed for their suitability as inputs.
Slightly different from other studies, this study confirms that indoor carbon dioxide concentration
performs better in various scenarios. Moreover, the remaining parameters such as time, historical
energy consumption, and meteorological parameters in which scenarios are applicable are also
provided. Compared to using all possible parameters as inputs, selecting suitable parameters as
inputs can improve the prediction performance with 3.56%-25.56% (Average: 13.94%) decrease of
MAPE, 2.34%-5.20% (Average: 3.36%) increase of R%, and 4.26%—18.25% (Average: 11.20%)
decrease of CV-RMSE. Moreover, it can decrease time consumption by 25.34s—128.46s (Average:
50.56s). These results suggest the necessity and importance of selecting suitable inputs when
forecasting building energy consumption.

Regarding improving algorithms, this study integrates CNN for optimizing the data processing
process and introduces the SE attention mechanism (SE) for optimizing the hyperparameter

optimization process. Therefore, compared with CNN optimization alone, CNN-SE can have one



more enhancement path which is optimizing hyperparameters such as threshold and weights of the
neural network. From the actual data experiments, the CNN-SE optimization will improve the
building energy consumption prediction in most scenes more than CNN optimization. Compared to
the other four algorithms including CNN-LSTM, LSTM-SE, LSTM-PSO, and LSTM-GA, using
CNN-LSTM-SE as the training algorithm can improve the prediction performance with 15.79 %—
32.01% (Average: 21.44%) decrease of MAPE, 2.69%-9.31% (Average: 6.25%) increase of R%, and
15.68%-29.23% (Average: 21.82 %) decrease of CV-RMSE. Moreover, it can decrease time
consumption by 781.40s—4988.94s (Average: 2696.89s) compared to LSTM-PSO or LSTM-GA,
and increase it by 20.69s—161.04s (Average: 91.30s) compared to CNN-LSTM, or LSTM-SE on
average.

In summary, in the twelve combinations (two kinds of inputs: selecting suitable inputs or not,
six kinds of algorithms: LSTM, CNN-LSTM, LSTM-SE, LSTM-PSO, LSTM-GA, CNN-LSTM-
SE), the combination of selecting suitable parameters as inputs and using CNN-LSTM-SE as
algorithms may have the best performance which balances the time consumption and prediction
precision better. This combination can improve the prediction performance by decreasing 1.15%—
65.32% of MAPE (Average: 28.87%), increasing 0.27%-18.74% of R? (Average: 7.61%), and
decreasing 0.64 %-59.12% of CV-RMSE (Average: 26.63%) in different buildings compared to the
other eleven combinations. It will reduce by 2712.20s compared to the combinations with LSTM-
PSO or LSTM-GA and increase by only 62.82s compared to combinations with LSTM, CNN-
LSTM, or LSTM-SE on average.

It is important to note that importantly this study demonstrates the significance of preferred
inputs. However, the parameters selected in this study are not necessarily fully applicable to other
studies. It is difficult to draw universal conclusions about the applicability or non-applicability of
certain parameters to different research subjects, and the selection should be based on the actual
situation (building type, building energy consumption characteristics, building operation time,
etc.).
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Appendix A: Results of building energy consumption prediction

The results of building energy consumption prediction employing different inputs and training

algorithms are shown in Table A-1 as follows.

Table A-1 Results of building energy consumption prediction

Building Algorithms Input selection MAPE R? CV-RMSE Time (s)
A LSTM Use all inputs 16.42% 0.7859 0.1774 132.4840
A CNN-LSTM Use all inputs 8.72% 0.8259 0.0839 265.9490
A LSTM-SE Use all inputs 9.24% 0.8430 0.1176 217.9380
A CNN-LSTM-SE Use all inputs 6.17% 0.8908 0.0767 331.9710
A LSTM-PSO Use all inputs 10.32% 0.7976 0.1294 4911.1630
A LSTM-GA Use all inputs 8.60% 0.7871 0.1076 3675.1410
A LSTM Select suitable inputs  15.81% 0.7871 0.1724 77.6510
A CNN-LSTM Select suitable inputs  6.48% 0.8384 0.0836 250.7250
A LSTM-SE Select suitable inputs  8.36% 0.8530 0.1009 209.7790
A CNN-LSTM-SE  Select suitable inputs  5.69% 0.9026 0.0725 301.4350
A LSTM-PSO Select suitable inputs  6.98% 0.8569 0.0889 4740.1990
A LSTM-GA Select suitable inputs  7.27% 0.8759 0.0823 3184.0800
B LSTM Use all inputs 20.65% 0.7961 0.2267 119.1730
B CNN-LSTM Use all inputs 11.80% 0.7993 0.1967 350.6420
B LSTM-SE Use all inputs 15.16% 0.7993 0.1993 320.2190
B CNN-LSTM-SE Use all inputs 11.06% 0.8966 0.1637 425.5050
B LSTM-PSO Use all inputs 15.27% 0.8431 0.2062 6107.9720
B LSTM-GA Use all inputs 15.88% 0.8083 0.2212 4825.9920
B LSTM Select suitable inputs  18.52% 0.8088 0.2257 108.9120
B CNN-LSTM Select suitable inputs  11.17% 0.8389 0.1877 326.5020
B LSTM-SE Select suitable inputs  12.85% 0.8363 0.1850 319.0920
B CNN-LSTM-SE  Select suitable inputs  10.94% 0.9053 0.1508 411.4130
B LSTM-PSO Select suitable inputs  13.71% 0.8474 0.1978 5932.3410
B LSTM-GA Select suitable inputs  14.70% 0.8239 0.2181 4763.2930
C LSTM Use all inputs 22.29% 0.7998 0.2588 39.2470
C CNN-LSTM Use all inputs 13.34% 0.8479 0.1803 95.4170
C LSTM-SE Use all inputs 19.77% 0.8144 0.1855 96.4710
C CNN-LSTM-SE Use all inputs 10.56% 0.8891 0.1641 112.7710
C LSTM-PSO Use all inputs 17.35% 0.7937 0.2201 3835.5100
C LSTM-GA Use all inputs 18.94% 0.7705 0.2317 2888.0900
C LSTM Select suitable inputs  21.83% 0.8064 0.2505 39.1770
C CNN-LSTM Select suitable inputs  11.54% 0.8766 0.1663 94.5490
C LSTM-SE Select suitable inputs  12.71% 0.8916 0.1537 78.3220
C CNN-LSTM-SE  Select suitable inputs ~ 9.89% 0.9149 0.1417 101.8010
C LSTM-PSO Select suitable inputs  14.84% 0.8290 0.1991 3649.7400
C LSTM-GA Select suitable inputs  15.30% 0.8289 0.1984 2881.9500
D LSTM Use all inputs 29.40% 0.8091 0.2969 59.7430
D CNN-LSTM Use all inputs 25.74% 0.8104 0.2631 167.8730
D LSTM-SE Use all inputs 26.56% 0.8449 0.2824 204.4700
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