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Abstract: The global demand for energy has been steadily increasing due to population growth, 1
urbanization, and industrialization. Numerous researchers worldwide are striving to create precise =
forecasting models for predicting energy consumption to manage supply and demand effectively. In s
this research, a time-series forecasting model based on multivariate multilayered long short-term 4
memory (LSTM) is proposed for forecasting energy consumption and tested using data obtained s
from commercial buildings in Melbourne, Australia: the Advanced Technologies Center, Advanced 6
Manufacturing and Design Center, and Knox Innovation, Opportunity, and Sustainability Center 7
buildings. This research specifically identifies the best forecasting method for subtropical conditions =
and evaluates its performance by comparing it with the most used methods at present, including o
LSTM, bidirectional LSTM, and linear regression. The proposed multivariate multilayered LSTM 1o
model was assessed by comparing mean average error (MAE), root-mean-square error (RMSE), 11
and mean absolute percentage error (MAPE) values with and without labelled time. Results indi- 12
cate that the proposed model exhibits optimal performance with improved precision and accuracy.  1s
Specifically, the proposed LSTM model achieved a decrease in MAE by 30%, RMSE by 25%, and 14
MAPE by 20% compared to the LSTM method. Moreover, it outperformed the bidirectional LSTM  1s
method with a reduction in MAE by 10%, RMSE by 20%, and MAPE by 18%. Furthermore, the 16
proposed model surpassed linear regression with a decrease in MAE by 2%, RMSE by 7%, and MAPE 17
by 10%.These findings highlight the significant performance increase achieved by the proposed  1s
multivariate multilayered LSTM model in energy consumption forecasting. 19

Keywords: Energy consumption prediction, Time-series forecasting, Forecasting Building Energy 2o
Consumption, Long Short-Term memory. 21

1. Introduction 22

Energy consumption refers to the amount of energy used over a certain period of time, 2
usually measured in units such as kilowatt-hours (kWh) or British thermal units (BTUs). It 2
is an important metric for assessing energy usage and efficiency, and for understanding  =s
the overall energy needs of a region or country [1]. According to the International Energy 2
Agency (IEA) [2], global energy consumption is expected to continue to increase in the 2
coming decades, driven by population growth, urbanization, and industrialization in  2s
developing countries. 20

However, most of the current research has focused on forecasting in countries or o
regions [3,4]. However, only a limited number of studies exist that specifically focus on s
forecasting for individual buildings. Energy consumption in buildings encompasses the 2
precise measurement of energy utilized for specific purposes such as heating, cooling, s
lighting, and other essential functions within residential, commercial, and institutional s
structures. In China and India, buildings account for a 37% [5] and 35% [6] of global energy s
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consumption, making it an important area for energy efficiency and sustainability efforts e
[7]. 37

In this study, we propose the forecasting model for energy consumption for various ss
commercial buildings, such as Hawthorn Campus - ATC Building, Hawthorn Campus - s
AMDC Building, Wantirna Campus - KIOSC Building. In the study, the proposed model, a0
along with its trained data preprocessing method, demonstrates superior performance 4
compared to other popular models, particularly when there is a sufficient amount of 4
training data available or when there is a lack of training data. The results indicate that 43
the proposed method and model can be used to accurately predict energy consumption 44
in commercial buildings, which is crucial for energy management and conservation. In s
addition, the proposed method can be easily applied to other commercial buildings with 6
similar energy consumption patterns, providing a practical solution for energy management 47
in the commercial building sector. a8

The rest of this study is organized as follows. Section 2 delivers the background of 4o
the research. Section 4 provides the details of the proposed model. Section 5 describes  so
some popular bench-marking models. Section 6 presents the experiment to evaluate the s
efficiency of the models in different datasets. Finally, the conclusion of this study is given s

in Section 7. 53
2. Background 2
2.1. Forecasting Models 55

A forecasting model is a mathematical algorithm or statistical tool used to predict se
future trends, values, or events based on historical data and patterns. A forecasting model -
M that analyzes the historical values from the current time f to return the predicted future se
value at time t 4- 1 (denoted as ;1) is built. The objective of the forecasting model is to  so
minimize the discrepancy between the estimated value ;11 and the actual value y;;1 by o
seeking the closest approximation. To achieve this in a temporal context where data points e
are indexed in time order, a specific type of forecasting model is often used. 62

A time series forecasting model is a predictive algorithm that utilizes historical time- s
series data to anticipate future trends or patterns in data over time. Two techniques s
are available for building the model M to obtain this objective, i.e (i) univariate and (i) s
multivariate time-series (TS) [8-10]. In univariate TS, only a 1D sequence of energy con- s
sumption value y; = {V;_(x_1), Y—(k—2), - Yt-1,Y¢} is utilized to produce the estimated
value 7411, where k is a period of time from the current time f [11,12]. By contrast, for s
multivariate TS, we could employ one or more other historical features in addition to  es
the energy consumption for training model M [13]. They can be time field or other spe- 7
cific sources. Therefore, the input for multivariate TS is a multi-dimensional sequence 7.
X = {xt_(k_l), Xp— (k—2)7 s Xt—1, xt}, with x; € R" is a vector of dimension n). In forecasting 7=
new values, the model could be enhanced if related available features are taken into account. 7
The additional information could help to model capture the dependencies or correlations 7
between features and target variable. Therefore, the model could better understand the con- s
text, mitigate the impact of missing values, and make more precise predictions. Therefore, 7
multivariate TS are frequently employed for building the forecasting model recently [14]. 7~

2.2. Energy Consumption Forecasting 78

Energy consumption forecasting refers to predicting a particular region’s future energy 7
consumption based on historical consumption and other relevant factors [1]. Accurate o
energy consumption forecasting is essential for proper energy planning, pricing, and man- &
agement. It plays a significant role in the transition toward a more sustainable energy e
future. There have been numerous studies on energy consumption forecasting, and various s
models have been proposed for this purpose [15]. As shown in Figure 1, in the literature, s
forecasting models often fall into two categories: (i) Conventional Models and (7i) Artificial s
Intelligence (AI) Models. Table 1 shows different forecasting models for commercial build- s
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ings. It shows the name of forecasting techniques, location, and performance evaluation &

indexes with the best accuracy.

88

No Forecasting Model Year Country Forecast Ref Accuracy
Hori-
zon
MAPE RMSE MAE

1 ANN model with 2019 Korea hour [20] 1.69 % 85.44
external variables ahead
(NARX)

2 Long Short-term Mem- 2020 USA hour [21] 596 % 7.21
ory Networks with at- ahead
tention (LSTM)

3 AdaBoost.R2 2021 Portugal hour [22] 5.34 %

ahead

4 Support Vector Ma- 2022 Ireland hour  [23] 53% 382 1194
chine (SVM) ahead kW

5 Seq2seq RNN 2020 USA  hour  [24] 3.74

ahead kW

6 Bayesian regularized 2019 Canada hour  [25] 1.83% 105.03
(BR) (12 inputs) ahead kW
Levenberg Macquardt 2019 Canada hour 1.82% 104.21
(LM) (12 inputs) ahead kW

7 Hybrid convolutional 2020 Korea hour [26] 076 % 047 0.31
neural network (CNN) ahead
with an LSTM autoen-
coder (LSTM-AE)

8 Hybrid method of Ran- 2022 USA hour [27] 533% 057 043
dom Forest (RF) and ahead
Long Short-Term
Memory (LSTM) based
on Complete Ensemble
Empirical
Mode Decomposition
with Adaptive Noise
(CEEMDA)

9 Seasonal autoregres- 2020 Korea day [28] 27.15  557.6
sive integrated moving ahead % kW
average (SARIMAX)

10 Gated Recurrent 2022 Spain  day [29] 7.86 % 156.11
Unit(GRU) ahead

11  Hybrid Neural Fuzzy 2019 Portugal day [30] 8.71 %
Interface System (Hy- ahead
FIS)

Wang and Mendel’'s 2019 Portugal day 8.58 %
Fuzzy Rule Learning ahead

Method (WM)

A genetic fuzzy system 2019 Portugal day 9.87 %
for fuzzy rule learning ahead

based on the

MOGUL methodology

(GFS.FR.MOGUL)

12 XGBoost 2022 Spain  day [31] 8.83

ahead

Table 1. Summary of different forecasting models for commercial buildings


https://doi.org/10.20944/preprints202306.0135.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 June 2023 d0i:10.20944/preprints202306.0135.v1

4 0f 15
Energy Consumption
Forecasting
. Artificial Intelligence
Conventional Models (Al) Models
StOChaSFIO REgEEstn Saes Gray models Artificial Neural Network Support Vector Machine
Time Series Approach

Figure 1. Common categories of Forecasting model in the literature.

Conventional models used in energy consumption forecasting commonly include &
Stochastic time series (TS) models [16], regression models (RMs) [17], and gray models oo
(GMs) [18,19]. These models typically require historical energy consumption data as input e
and use various statistical and mathematical techniques to make future energy consump- o2
tion predictions. However, these models may not be able to capture complex nonlinear o3
relationships and may require manual feature engineering, making them less efficient and  es
scalable compared to Al-based models. Al-based models have become increasingly popular s
in the field of energy forecasting due to their ability to learn patterns and relationships o6
in complex data [32-34]. The use of Al in energy forecasting has the potential to reduce o7
energy costs, optimize energy production, and enhance energy security. Especially, LSTM s
models are able to capture both short-term and long-term dependencies in TS data. They o
are also capable of handling non-linear relationships between input and output variables, 100
which is important in energy forecasting where the relationships may be complex. Finally, 101
LSTMs could process sequential data of varying lengths, which is useful for handling 1.2

variable-length TS data in energy forecasting. 103
3. Data used in this study 104
3.1. Data Collection 105

Data collected from three buildings in different regions are employed to evaluate 106
the models, i.e Hawthorn Campus - ATC Building (denoted as DatasetS1), Hawthorn 1o
Campus - AMDC Building (denoted as DatasetS2), and Wantirna Campus - KIOSC Building 108
(denoted as DatasetS3) is incredibly valuable as it provides real-time insights into the 100
building’s performance, energy consumption, and operational efficiencies, allowing for 110
the swift response to potential issues. This real-time data not only enhance decision- 11
making capabilities for building management, maintenance, and optimization but also 112
provides a basis for developing more accurate forecasting models. Furthermore, it can guide 113
strategic energy management, potentially leading to significant cost savings, improved 11
sustainability, and increased occupant comfort over time. The two datasets DatasetS1 and s
DatasetS2 contain the energy consumption from 2017 to 2019 and the dataset DafasetS3 116
contains the energy consumption from 2018 to 2019. The prediction value is the difference 117
between the previous and the intermediate next time in using energy, or the cumulation of 11s
energy. The historical value is 96 data in every 15 minutes to predict the next value. 110

3.2. Data Setup 122

Dataset. In this experiment, three datasets from three buildings in different regions 12
are employed to evaluate the models, i.e Hawthorn Campus - ATC Building (denoted 124
as DatasetS1), Hawthorn Campus - AMDC Building (denoted as DatasetS2), and Wan- 125
tirna Campus - KIOSC Building (denoted as DatasetS3). The two datasets DatasetS1 and 126
DatasetS2 contain the energy consumption from 2017 to 2019 and the dataset DatasetS3 127
contains the energy consumption from 2018 to 2019. The prediction value is the difference i2s
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Figure 2. Location of Hawthorn Campus and Wantirna Campus in Metropolitan Melbourne, Victoria,
Australia.
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Figure 3. Electricity accumulation in every 15 minutes at Hawthorn Campus - ATC Building

between the previous and the intermediate next time in using energy, or the cumulation of 120
energy. The historical value is 96 data in every 15 minutes to predict the next value. 130

Configuration of proposed model. The proposed model, M-LSTN, consists of a succes- 11
sion of one input layer, two LSTM layers, and one dense layer at the end. The input layer = 1s2
contains two input types as described in Section 4.1. In the following, the first LSTM layer 1ss
wraps eight LSTM units and the second wraps four units. The last dense layer has one unit 1ss
for predicting energy consumption. 135

Configuration of bench-marking models. As mentioned earlier, three competitive 136
models are used for comparison: LSTM, Bi-LSTM, and LR. The LSTM model consists of 137
one single layer with one unit, followed by a Dense layer for prediction. The Bi-LSTM 138
consists of one single Bi-Directional LSTM layer of one unit, followed by a Dense layer for s
prediction as the LSTM model. The LR model trains with one dense layer. 140

Training Configuration. Both M-LSTM, LSTM, Bi-LSTM, LR models are trained using 1
the same training set, and evaluated on the same test set. In DatasetS1 and DatasetS2, the 12
models are trained on the data in 2017 and 2018. In DatasetS3, the models are trained on 143
the data in 2018 to demonstrate the ability of models with a lack of training data. 148

4. Methodology 145

In this section, we propose the forecasting model (Multivariate Multilayered LSTM), 146
which is referred to as M-LSTM. The overview of the proposed method is illustrated in 1
Figure 5. There are three phases, i.e. data preprocessing, model training and evaluation.  14s

4.1. Data Preprocessing 149

Two major techniques are used in the data preprocessing phase, i.e. (i) data differencing 1so
and (ii) time labelling. Additionally, there are two other techniques, i.t (iii) concatenation s
and (iv) window slicing. 152

In regard to data differencing, due to a large amount of energy consumption and the 1ss
value is not commonly stationary, the difference between the data value and its previous 1ss
data value is taken into account. By removing these patterns through data differencing, the 1ss
resulting stationary TS can be more easily modelled and forecasted. This technique is often  1se
required for many forecasting models [35]. 187

In time labelling, the amount of energy consumption during peak time points is 1se
typically greater than that during non-peak time. Consequently, the labelling convention s
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Figure 4. Average electricity accumulation in every 1 hour at Hawthorn Campus - ATC Building in
2018. As can be seen, electricity consumption peaks between 8am and 21pm.

assigns a value of 1 to peak time and 0 to non-peak time. [36] These labelled time periods e
serve as valuable features for training the forecasting model. In the concatenation phase, e
the data from data differencing and labelled time are concatenated and then sliced into 12
vectors with a length of k during the window-slicing phase. 163

4.2. Forecasting Model - Multivariate Multilayered LSTM 168

M-LSTMis an extension of the LSTM model, which is a type of recurrent neural network 1es
(RNN) architecture used for sequential data processing tasks such as TS forecasting. There 166
are h sub-layers In the hidden layer. The M-LSTM model consists of multiple LSTM layers, 167
with each layer having its own set of neurons that process the input variables independently. 1es
The output of each layer is then fed into the next layer, allowing the model to capture more 160
complex and abstract relationships between the input variables. There are some additional 170
layers such as the dropout layer, normalization layer, etc in the hidden part for training the 17
model efficiently. 172

As shown in Figure 6, the memory cell is responsible for storing information about 17
the long-term dependencies and patterns in the input sequence, while the gates control 17
the flow of information into and out of the cell. The gates are composed of sigmoid neural 17s
network layers and a point-wise multiplication operation, that allows the network to learn 17
which information to keep or discard. In particular, each it cell at the layer m, denoted as 177
C", has three inputs, i.e the hidden state k" |, cell state c]" | of the previous cell, and the 17
hidden state hl’-"_l of the cell i at the previous layer m — 1. The cell C!" has two recurrent 17
features, i.e hidden state k", and cell state ¢}". C!" is a mathematical function as Equation 1, 1s0
that takes three inputs and returns two outputs. Both outputs leave the cell at time i and  1e
are fed into that same cell at time 7 + 1, and the input sequence x; 1 is also fed into the cell. e
In the first layer (m = 1), the hidden state h;’“l is the input x;. 183

(", ef') = C(hLy, ey, BT )

1

Inside the i*" cell, the previous hidden state h" | and input vector x; are fed into three 1s
gates. i.e input gate (ig"), forget gate (fg"), output gate (0g"). They are sigmoid functions  1ss

(0), each of which produces a scalar value as described in Equation 2, 3, 4 respectively. 186
igl" (" 1, W) = 0 (Wigm—1h!' ™" + Wig mh" | + big) 2
F8I (P, HY) = o(wpgmah" ™ + wpgmhl"  + brg) 3)
og!" ("1, ") = 0 (Wogm—1h" "1 + Wogmh(™ 1 + bog) @)

where Wig 1, Wngm—1, Wogm—1 € R" and Wig i, Whg m, Wog,m, big, brg, bog € R denote  1e7
weight, which is the parameter that should be updated during the training of the cell. 1es
Another scalar function, called the update function (denoted as ug) has a tanh activation 1es
function as described in Equation 5. 190
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Figure 5. Workflow of the proposed model.
-1 -1
ugi(hi’y, hy'") = tanh(wugxh'™" + wyg phi’ 1 + bug) (&)
where w;, » € Rand wy,, ), € R are further weighted to be learned. The returned cell 10
state (c") and hidden state (;) are formulated in Equation 6, 7 respectively. 102
m __ m _m :om )
¢ = f8i" ¢l gl - ugi (6)
m __ m m
hi' = ogi" - tanh(cj") @)

In energy forecasting, loss optimization is an important step to improve the accuracy o3
of the model [37]. One common technique for loss optimization is using the Adam opti- 1ss
mizer, which is a stochastic gradient descent optimizer that uses moving averages of the 105
parameters to adapt the learning rate. The Adam optimizer computes individual adaptive 106
learning rates for different parameters from estimates of the first and second moments of  1e7
the gradients. This makes it suitable for optimizing the loss function in models where there 102
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Figure 6. Illustration of the i LSTM cell at the layer .

are a large number of parameters. By using the Adam optimizer, the model can efficiently s
learn and update the weights of the neurons in each time step, resulting in better prediction  zo0
accuracy. 201

5. Bench-marking Models 202

In this study, we compare the proposed model with three well-known models, i.e. 203
linear regression (LR), long-short-term memory (LSTM), and bidirectional long-short-term  zea
memory (Bi-LSTM). 205

5.1. Linear Regression 206

LR allows knowing the relationship between the response variable (energy consump- 207
tion) and the return variables (the other variables). As a causative technique, regression  zos
analysis predicts energy demand from one or more reasons (independent variables), which 200
might include things like the day of the week, energy prices, the availability of housing, or 210
other variables. When there is a clear pattern in the previous forecast data, the LR method 211
is applied. Due to this, its simple application has been used in numerous works related 212
to the prediction of electricity consumption. Bianco V et al. (2009) used a LR model to 213
conduct a study on the projection of Italy’s electricity consumption [38] while Saab C et al. 214
(2001) looked into various univariate modelling approaches to project Lebanon’s monthly = z1s
electric energy usage [39]. With the help of our statistical model, this research has produced 216
fantastic outcomes. 217

The LR model works by fitting a line to a set of data points, with the goal of mini- s
mizing the sum of the squared differences between the predicted and actual values of the 210
dependent variable. The slope of the line represents the relationship between the depen- 220
dent and independent variables, while the intercept represents the value of the dependent 222
variable when the independent variable is equal to zero. The LR model describes the 22
linear relationship between the previous values y, and the estimated future value §;1, =2es
formulated as follow: 224

t
J1= ), wi-yi 8
i=t—(k—1)

52. LSTM 225

The LSTM technique is a type of Recurrent Neural Network (RNN). The RNNs [40] are 226
capable of processing data sequences, or data that must be read together in a precise order 27
to have meaning, in contrast to standard neural networks. This ability is made possible  zzs
by the RNNSs’ architectural design, which enables them to receive input specific to each 22


https://doi.org/10.20944/preprints202306.0135.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 2 June 2023 d0i:10.20944/preprints202306.0135.v1

9 of 15

instant of time in addition to the value of the activation from the previous instant. Given =zs0
their ability to preserve data from earlier actions, these earlier temporal instants provide for 2s
a certain amount of "memory". Consequently, they possess a memory cell, which maintains 232
the state throughout time [41]. 233

X4 \ X2 ‘ X3 Xk-1 Xk \
A\ 4 Y A\ 4 A\ 4
0 4{ LSTM J—»[ LSTM ]—»[ LSTM ] [ LSTM ]—»[ LSTM ]—»

47 Y Y \L

[ Dense layer ]

Figure 7. Overview of the LSTM model

As noted in Section 4, LSTM [42] model have ability to remove or add information to  23a
decide what information need to go through the network from the cell state [42]. Different =35
from M-LSTM model, LSTM model has just one LSTM layer with the input is the input 236
sequence x. Therefore, the hidden state (k) and cell state (c) for the it LSTM cell are  za7
calculated as Equation 9. 238

(hi,ci) = C(hi—1,ci-1,%;) ©)

In the experiment, we compare the performance of the proposed model with the =30
univariate and multivariate LSTM model. The univariate LSTM takes the first input (i) 240
described in Section 4.1 and the multivariate LSTM takes both those inputs. 2a1

5.3. Bidirectional LSTM 242

Bi-LSTM is also an RNN. It utilizes information in both the previous and the following a3
directions in training phase [43]. The fundamental principle of the Bi-LSTM model is that it zss
examines a specific sequence from both the front and back. Which uses one LSTM layer for 2ss
forward processing and the other for backward processing. The network would be able to 246
record the evolution of energy that would power both its history and its future [44]. This zs7
bidirectional processing is achieved by duplicating the hidden layers of the LSTM, where 242
one set of layers processes the input sequence in the forward direction and another set 240
of layers processes the input sequence in the reverse direction. As illustrated in Figure 8, s

the hidden state (hfr ) and the cell state (C{ ) in the it" forward LSTM cell are calculated as  2s:
similar as the Equation 9. On the contrary, each LSTM cell in the backward LSTM takes the sz
following hidden state (hf’ '+1), and following cell state (cib 1), and x; as input. Therefore, the 2
hidden state (hf’ ) and cell state (cf-7 ) of the i*" backward LSTM cell are calculated as Equation  zsa
10. 255

(hf,cb) = C(hl 4, by, %) (10)

After the calculations of both forward and backward LSTM cells, the hidden states of  zse
two directions could be concatenated or combined in some way to obtain the output. The 257
common combination is the sigmoid function as noted in Figure 8. The output is fed into  2ss
the Dense layer to obtain the final prediction. Similar to the LSTM model, we also compare =zso
the proposed model with univariate and multivariate Bi-LSTM models. 260
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Figure 8. Overview of the Bi-LSTM model

6. Experiment 265
6.1. Metric 266
To better evaluate the performance, a model is tested by making a set of predictions § = 267

{1,972, --,p} and then comparing it with a set of known actual values Y = {y1,y2, ..., yp}, =268
where D is the size of the test set. Three common metrics are used to compare the overall 2
distance of these two sets, i.e. mean average error (M AE), root mean square error (RMSE), 270
and mean absolute percentage error (M APE). 271

MAE As shown in Equation 11, MAE is calculated by taking the absolute difference 27
between the predicted and actual values and averaging them. This calculation resultsina 27
single number that represents the average magnitude of the errors in the predictions made 274
by the model. 275

D
MAE =) |9 — i (11)
i=1
RMSE As shown in Equation 12, RMSE is calculated by taking the square root of the mean 27
of the squared differences between the predicted and actual values. This calculation results 277
in a single number that represents the typical magnitude of the errors in the predictions 27
made by the model. 279

Mo

Il
-

RMSE = | (5)

(9i — yi)? (12)
MAPE As shown in Equation 13, MAPE is calculated by taking the absolute difference 2s0
between the predicted and actual values, dividing it by the actual value, and then taking ze:
the average of these values over the entire dataset. This calculation results in a single zs:
number that represents the average percentage difference between the predicted and actual  zs:
values. 208

100% &

)3

i=1

MAPE = Yi i 7 Y (13)

1
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6.2. Result and Discussion 285

This study aims to experimentally address the effectiveness of the proposed model 26
by answering the following research inquiries: the general performance of training the ze
proposed model and the comparative performance analysis against other competitive zss
models. 280

6.2.1. General performance 200

In the first part of the experiments, M-LSTM is trained and evaluated with two types 20
of data preprocessing strategies, i.e. with a labelled time field and without a labelled time 202
field. Figure 9 shows the results in the test set in DatasetS1, DatasetS2, and DatasetS3. In 203
this question, there are two results, (i) result in the sufficient training set and (ii) result in 204
the lack of training set. 205

W withlabeledtime M without labeled time W withlabeledtime M without labeled time

0.5

0.0
datasetS! datasets2 datasets3 datasets1 datasetS2 datasets3

(a) (b)

W with lapeledtime W without labeled time

datasetS1 datasets2 datasets3

(0

Figure 9. Comparison of M-LSTM trained with labelled time and without labelled time. (a) MAE error,
(b) RMSE error, (c) MPAE error in the scale of (0, 1).

For the first result (i), the model is sufficiently trained with data in 2017, and 2018 and  2¢6
evaluated in 2019 from DatasetS1 and DatasetS2. Figure 9 shows that the model achieves 2o
better performance in all three metrics with the labelled time field. The results are similar zos
under the same setting for the other models. The details are provided in Table 2 and the 200
line plot in Figure 10. Therefore, the models can learn and extract more valued features if 300
they are trained with the appropriate data preprocessing strategy. 301

For the second result (ii), the model is only trained with data in 2018 and evaluated o2
in 2019 from DatasetS3. Figure 10 shows that the model performed well in predicting and  sos
matching the actual values, as evidenced by its superior fit line compared with the other o4
models in Figure 9 and Figure 10. These findings suggest that the proposed preprocessing  sos
method is effective, particularly in situations with a limited amount of training data soe
available for model training. 307

6.2.2. Experience different models 308

In the second part of the experiments, we compare the performance evaluation results oo
of M-LSTM to other competitive models (LSTM, Bi-LSTM, LR models) on three datasets in 310
terms of three metrics. Two sets of performance metrics are presented, one set includes 31
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Figure 10. Comparison of M-LSTM with labelled time (M-LSTM;) with M-LSTM without labelled time,
and other models in case of lack of training data (DatasetS3 in 2019). The time step is 7 days.

Table 2. Comparison of M-LSTM with competitive models with and without labelled time. MAE_¢,
RMSE_t and MPAE_t are denoted metrics for model trained with labelled time. MAE, RMSE and
MPAE are denoted metrics for model trained without labelled time. MPAE_t and MPAE are rescale to
the range from 0 to 1. Better values are marked in bold.

| | with labelled time | without labelled time |
| Dataset | Model | MAE_t | RMSE_t | MAPE_t | MAE | RMSE | MAPE |
| | M-LSTM | 075 | 115 | 0.16 | 1.08 | 137 | 026 |
| DatasetS1 | LSTM | 130 | 147 | 032 ] 135| 158 | 034 |
| | Bi-LSTM | 146 | 185|  024| 153| 1.63| 031 |
\ | Linear Regression | 1.40 | 1.53 | 029 | 140 | 150 | 027 |
| | M-LSTM | 049 | 0.74 | 014 | 084 | 096 | 018 |
| DatasetS2 | LSTM | 147 | 166 | 039 | 189 | 200| 050
| | Bi-LSTM | 145| 116  022] 189 | 206| 048 |
\ | Linear Regression | 0.60 | 0.75 | 017 | 121 | 152| 034 |
| | M-LSTM | 0.66 | 0.85 | 0.07 | 069 | 087 010
| DatasetS3 | LSTM | 079 095| 018] 067 | 094 043 |
| | Bi-LSTM | lel| 215| 040 | 123 | 192 | 081 |
‘ ‘ Linear Regression ‘ 0.84 ‘ 1.18 ‘ 0.27 ‘ 0.73 ‘ 0.90 ‘ 0.73 ‘

time label information (MAE_t, RMSE_t, and MAPE_t), whereas the other set does not 1.
include time label information (MAE, RMSE, and MAPE). Table 2 presents the performance 1
evaluation results of M-LSTM and LSTM, Bi-LSTM, and LR models on three datasets in terms s
of three metrics. Figure 11 shows the MAPE error of models with and without labelled s
time. 316

In general, the results indicate that models using labelled time information tend to i~
perform better than those that do not use labelled time information in the same setting. sis
For example, on DatasetS1, the four models get the lower values, while the same models 31
have higher error values. On the other hand, among the different models, the model 320
M-LSTM using the labelled time information tends to perform the best overall with the 32
lowest MAE_t, RMSE_t, and MAPE_t in most cases. To summarize, using the proposed 322
preprocessing method with time information tends to improve the performance of the 2
models. The M-LSTM model using time label information performs the best in general. The 324
labelled time field provides useful information for predicting energy consumption in peak szs
and non-peak periods. These findings suggest that considering time information can help 26
in accurately predicting the target variable in the studied datasets. 327
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Figure 11. Bart chart in the comparison of M-LSTM with labelled time (M-LSTM;) with M-LSTM without
labelled time, and other models with and without labelled time in case of lack of training data
(DatasetS3 in 2019).

7. Conclusion 328

In conclusion, this work presents a method for pre-processing data and a model for s2e
accurately predicting energy consumption in commercial buildings, specifically focusing on 3o
buildings in the Hawthorn and Wantirna campuses. The proposed pre-processing method = ss:
effectively improves the accuracy of energy consumption prediction, even when training  ss:
data are limited. The results demonstrate the applicability of the proposed method and 33
model for accurately predicting energy consumption in various commercial buildings. 334

The proposed model, denoted as M-LSTV, achieved the lowest MAE values of 0.75, s3s
0.49, and 0.66 for DatasetS1, DatasetS2, and DatasetS3, respectively. This achievement is 336
crucial for effective energy management and conservation in commercial buildings. The 37
practicality of this approach extends to other commercial buildings with similar energy con- sss
sumption patterns, making it a viable solution for energy management in the commercial 339
building sector. Visualizations were also provided to aid in understanding data patterns sao
and trends in the model predictions. 341

Considering the impact of the COVID-19 pandemic on energy consumption patterns, sa:
it is essential to develop forecasting models that account for these changes in demand s
across sectors. Additionally, further research can explore the effectiveness of the proposed  sss
pre-processing method and models in predicting energy consumption for different types of = sas
buildings or larger datasets. Exploring alternative techniques, such as seasonal decomposi- 34
tion or time series analysis, for incorporating time information into the models could also 347
yield valuable insights. These advancements in energy consumption forecasting contribute s4s
to significant cost savings and environmental benefits in commercial buildings. 340
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