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ABSTRACT. Energy is continuously consumed, and thus, the issue of energy consumption
in buildings has become a growing concern. Traditional methods for predicting building
energy consumption typically rely on linear models or simple statistics, which cannot
effectively capture nonlinear features and long-term dependencies from building energy
consumption data. These methods suffer from low accuracy and poor robustness when
dealing with complex time series data. To meet the energy management needs of modern
intelligent buildings, this study uses the long short-term memory (LSTM) algorithm in
deep learning to construct a prediction model for the electrical energy consumption of an
intelligent building. This model aims to improve the accuracy and reliability of energy
consumption prediction. In the specific implementation, this study performed preprocess-
ing steps on collected building energy consumption data, including data cleaning, missing
value filling, and normalization processing. Then, it constructed an energy consumption
prediction model architecture based on the LSTM algorithm and added an attention mech-
anism. Mean squared error (MSE) was used as the loss function during model training,
and the parameters were updated using the Adam optimization algorithm. To evaluate
model performance, several metrics were used in this study and the constructed model
was compared with other algorithmic models. After model testing, MSE was 3.31, mean
absolute error was 1.45, the coefficient of determination was 0.9, and mean absolute
percentage error was 2.98. Compared with different algorithms, all the algorithm mod-
els used in this study have the best indicator levels. The energy consumption prediction
model introduced in this work, which combines the LSTM algorithm with an attention
mechanism, significantly improves the accuracy and robustness of energy consumption
prediction, providing important support for the energy management of intelligent build-
mgs.

Keywords: Intelligent Building, Energy Consumption, Deep Learning, Attention Mech-
anism, Long Short-term Memory
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1. Introduction. The energy problem has always been an important issue that plagues
the development of various countries. In such an environment, the prediction and control
of building energy consumption have become a major area of research [?,?]. Traditional
building energy consumption prediction methods mostly rely on linear models and sim-
ple statistical methods, which frequently fail to effectively capture nonlinear features and
long-term dependencies in complex time series data, resulting in the low accuracy of
prediction results. Deep learning (DL) methods, particularly long short-term memory
(LSTM) algorithms, exhibit advantages in dealing with time series data and are effective
tools for solving this problem. LSTM avoids the gradient vanishing problem, which is
common in traditional methods, by capturing long-term dependencies through its special
gating mechanism [?,?]. Meanwhile, the powerful nonlinear feature extraction capabil-
ity of a relevant model can identify key features in complex data patterns, significantly
improving the robustness of prediction [?].

This work provides predictive results for controlling building energy consumption by
constructing an intelligent prediction model to save energy effectively. The energy con-
sumption prediction model is constructed by combining an attention mechanism with
the LSTM algorithm to capture nonlinear features and long-term dependencies in data.
In the model implementation process, operations, such as data cleaning, missing value
filling, and normalization, are performed one by one on raw data. Mean squared error
(MSE) is adopted as the loss function, and the parameters are updated using the Adam
optimization algorithm. Finally, the model proposed in this study is evaluated through
simulation experiments by using several indicators. The evaluation result that indicates
that the model exhibits good prediction performance is attained by analyzing the obtained
indicators. After comparing with other algorithmic models, the LSTM + attention algo-
rithmic model is found to have the best level of metrics. The results show that the LSTM
algorithm combined with the attention mechanism significantly improves the accuracy
and robustness of energy consumption prediction, providing an important support for the
energy management of intelligent buildings.

The introduction part of this article outlines the background of the building energy
consumption problem and points out the shortcomings of traditional prediction methods.
The second part reviews related research and discusses a variety of existing methods and
their advantages and disadvantages. The third part describes the design and architecture
of the model in detail, including the specific steps of data collection, data preprocess-
ing, and model construction. The fourth part describes the process of model training,
including dataset partitioning, loss function selection, optimization algorithms, hyper-
parameter tuning, and methods for preventing overfitting. The fifth part presents the
evaluation results of the model by using multiple metrics to comprehensively measure
the predictive performance of the model and compare it with other models. Finally, the
article summarizes the major results of this study, points out challenges encountered by
the model in practical applications, and proposes future research directions.

2. Realted work. In recent years, research on building energy consumption prediction
has gradually increased and achieved progress. Shao et al. proposed a home energy con-
sumption prediction model based on a Markov chain and improved prediction accuracy
through state transfer analysis [?]. Liu et al. analyzed the application of machine learn-
ing methods in energy consumption prediction; then, they compared the advantages and
disadvantages of neural networks and support vector machines [?]. Wang et al. used
various optimization algorithms to enhance the correlation vector machine model; they
constructed an energy model for public buildings with excellent performance and a score
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of 0.9523 [?]. Irfan et al. improved the accuracy and robustness of building energy pre-
diction by using a partial least squares (PLS) regression model [?]. Hakawati et al. used
PLS structural equation modeling for smart energy prediction and management to im-
prove overall building performance [?]. Although these studies have improved prediction
accuracy, most of these methods still exhibit limitations in dealing with complex time
series and anomalous data.

DL algorithms have contributed significantly in further improving the accuracy of pre-
diction models, and researchers have started adopting these methods for energy con-
sumption prediction. Zhao et al. explored the application, advantages, and disadvan-
tages of data mining techniques in the field of building energy and proposed future re-
search directions [?]. Zhang et al. optimized residential energy management through
multi-intelligence deep reinforcement learning [?]. Zheng et al. proposed a building air-
conditioning load prediction method based on principal component analysis (PCA) and
the LSTM network; this method combined PCA and the LSTM network and effectively
guaranteed the stability of the system [?]. Le et al. proposed an electrical energy con-
sumption prediction model that combined a convolutional neural network (CNN) and
bidirectional LSTM for predicting electrical energy consumption; their experimental re-
sults showed that the model performed well over multiple time spans [?]. Lin et al.
significantly improved the accuracy of energy consumption prediction by enhancing the
ability of the LSTM model to capture key features through an attention mechanism [?].
These studies have demonstrated that DL methods exhibit significant advantages in deal-
ing with the building energy consumption prediction problem. However, some challenges
remain in model optimization and practical applications.

3. LSTM Energy Consumption Prediction Model Combined with an Attention
Mechanism.

3.1. Data Collection. Data collection is a fundamental step in building energy con-
sumption prediction models, and the quality of the collected data can affect the accuracy
of model training to a certain extent [?]. To ensure the integrity and accuracy of data,
various methods are adopted in the data collection process, and strict processing is per-
formed on data. Energy consumption and environmental parameters inside and outside
a building are mostly recorded based on power monitoring instruments, temperature and
humidity sensors, and equipment operating status. These parameters include the overall
power consumption of a building and its various zones, temperature and humidity changes
in different areas inside the building, and operating time and power of major electrical
equipment. By using various sensors and instruments in a building energy consumption
monitoring system to automatically collect data and transmit them in real time to the
data center through Internet of things technology, data are stored in a cloud database,
ensuring their security while making their access easy for relevant personnel.

This article selects two buildings in a certain residential area as prototypes for sim-
ulation experiments, records building energy consumption related data for a period of
time, and creates a small dataset for subsequent training. The process of data collec-
tion includes data sampling, data integration, feature extraction, and data partitioning.
Specifically, it is necessary to extract energy consumption data from the cloud database
during this period, while ensuring that the data covers the entire time period without sig-
nificant missing data [?]. Electricity consumption data, environmental data, equipment
data, and time data can be integrated to form a comprehensive dataset, and key features
such as total electricity consumption, partition electricity consumption, environmental
temperature and humidity, and equipment power can be extracted from the integrated
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dataset. Among them, the time stamp collects data every 20 min. The recorded types of
electricity include total electricity consumption and the electricity consumption of each
partition. The environmental parameters are primarily temperature and humidity, and
relevant indoor and outdoor parameters are recorded. Table 1 provides the raw data
collected during the data collection phase.

TABLE 1. Building energy consumption data

. Indoor Indoor outdoor outdoor  HVAC
Time  Total Zonel Zone 2 Temper Humidity Tempe Humidity ~ Status
Stamp (kWh) (kWh) (kWh) aziilér)e (%) r?}gge (%) (On/Off)
0:00:00  50.2 20.1 30.1 24.5 95 22 60 On
0:20:00 49.8 19.9 29.9 24.6 56 21.8 61 On
0:40:00  49.5 20 29.5 24.4 55 21.7 60 Oft
1:00:00  49.3 20.2 29.1 24.2 54 21.5 59 Oft
1:20:00 49 19.8 29.2 24.3 55 21.6 58 On
1:40:00  48.8 19.7 29.1 24.5 54 214 Y On
2:00:00  48.5 19.5 29 24.3 23 21.3 o6 Oft
2:20:00 48.2 194 28.8 241 52 21.2 55 Oft
2:40:00 48 19.3 28.7 24 51 21.1 54 On
3:00:00 478 19.2 28.6 23.9 20 21 53 On
3:20:00 47.5 19.1 28.4 23.8 49 20.9 52 Oft

An example of building energy data collection that covers electricity consumption,
environmental conditions, and the operational status of the heating, ventilation, and
air-conditioning (HVAC) system at a given point in time in a building is presented in
Table 1. Each row of data corresponds to a time stamp, which is a data collection
point every 20 min. At 0:00:00, total electricity consumption was 50.2 kilowatt-hour
(kWh), with the first area consuming 20.1 kWh and the second area consuming 30.1 kWh,
reflecting the distribution of energy consumption in different areas within the building.
Meanwhile, indoor temperature was 24.5 °C, humidity was 55%, and outdoor temperature
and humidity were 22 °C and 60%, respectively. These environmental parameters are
crucial for understanding energy consumption patterns, because they indirectly affect
the load demand of an HVAC system. As time progressed, along with the operation
of the HVAC system, total power consumption dropped to 49.3 kWh at 1:00:00, and
room temperature correspondingly decreased to 24.2 °C. Notably, although the HVAC
system was still “on” at 1:40:00, total power consumption and room temperature stabilized
at 48.8 kWh and 24.5 °C, respectively, indicating that the system reached a state of
equilibrium, i.e., power consumption no longer increased and room temperature remained
at a relatively stable level.

These data provide insight into the dynamics of building energy consumption and the
interactions between environmental factors and HVAC system operations. Such insight
is essential for building accurate energy consumption prediction models. When models
capture such nonlinear relationships and long-term dependencies, they can effectively
predict future energy consumption trends.

3.2. Data Preprocessing. Raw data directly used for model training can most likely
introduce noise and increase inaccuracy, affecting the predictive performance of the model;
hence, data preprocessing adopts a strict method to ensure the integrity, consistency, and
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availability of data. The whole process includes data cleaning, data normalization, data
transformation, data labeling, and feature selection [?].

In the data cleaning process, outliers in the raw data are first processed. Outliers are
usually caused by equipment failures, data acquisition errors, etc., and have very large
data differences compared to normal values. The outliers are identified and removed by
analyzing the data using Box Plot method (Box Plot) [?]. For power consumption data,
if the data points were outside the upper and lower quartile ranges by a factor of 1.5, they
were considered as outliers and were eliminated. For missing values, they were filled in by
Linear Interpolation to ensure the continuity of the time series data [?]. The interpolation
method utilizes the linear relationship between the known data points before and after a
missing point to calculate the values of missing data points, ensuring the integrity of the
data. The mathematical formula is expressed as

(z (1) — 2 (to)) x (t = to)
t1 — 1o

z(t) = x (to) + (1)
where z(t) is the point to be interpolated; x(¢_0) and x(¢_1) are the nearest known data
points before and after a missing point, respectively; and ¢ is the time of the point to be
interpolated.
By avoiding the effect of data range on model training, all feature data are scaled to
the [0,1] interval by using the Min—-Max normalization method [?]. The specific formula

for normalization is

I‘, _ T — Tmin (2)
Tmaz — Tmin

Data transformation performs operations, including time stamp conversion and feature
engineering processing, on the original data to extract more representative features from
the original data, such as lag and rolling features, which are commonly used in feature
engineering [?7,?]. Data annotation classifies and annotates data in accordance with actual
application scenarios to improve the prediction accuracy and generalization ability of the
model [?]. Feature selection directly affects the performance and training effect of the
model, and the correlation analysis method is used to evaluate the relationship between
each feature and energy consumption, helping select features that are closely related
to energy consumption [?]. The Pearson correlation coefficient is used to calculate the
correlation between each feature and total energy consumption, and features that exhibit
a strong correlation are selected as input to the model with the following mathematical

formula:
D oo )
V(2 —T)? X (y: — 7)*

Removing features with low correlation or redundancy can reduce data dimensional-
ity, avoid excessive model complexity, and thus, improve training speed and prediction
performance. Table 2 provides the preprocessed data.

As indicated in Table 2, the building energy consumption data obtained after a se-
ries of preprocessing steps are cleaned, normalized, and converted into a format suitable
for model training. The relevant cleaning process is not reflected in Table 2 due to the
absence of outliers and missing values in the presented raw data. Each row of data rep-
resents the observed value at a time point, listing key characteristics, such as total power
consumption, power consumption in each region, and indoor and outdoor temperature
and humidity. All data are between 0 and 1 after normalization. When the represented
data are the maximum value under this feature, the value is 1. When the represented
data is the minimum value under this feature, the value is 0.

(3)
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TABLE 2. Preprocessed data

Total Zone 1 Zone 2

serial power Power Power TI ndoor Indoor EF) utdoor Outdoor
Number Consump Consump Consump empera Humidity etnpera Humidity
. . . ture ture
tion tion tion
1 1 0.909 1 0.875 0.857 1 0.889
2 0.852 0.727 0.944 1 1 0.8 1
3 0.741 0.818 0.833 0.75 0.857 0.7 0.889
4 0.667 1 0.722 0.625 0.714 0.6 0.778
5 0.556 0.727 0.778 0.75 0.857 0.5 0.667
6 0.481 0.636 0.722 0.875 0.714 0.4 0.556
7 0.37 0.454 0.667 0.75 0.571 0.3 0.444
8 0.259 0.364 0.556 0.5 0.429 0.2 0.333
9 0.185 0.273 0.5 0.375 0.286 0.1 0.222
10 0.111 0.182 0.444 0.25 0.143 0 0.111
11 0 0.091 0.333 0.125 0 0 0

Through the detailed data preprocessing steps mentioned above, the quality of data is
significantly improved, providing a solid data foundation for subsequent model training
and prediction. The strict execution of each step ensures the integrity, consistency, and
accuracy of data, making the constructed prediction model reliable and precise. Data
preprocessing is not only an important part of data analysis, but also a prerequisite and
guarantee for building high-performance prediction models.

3.3. Model Design and Architecture The major components of the model include
two parts: the LSTM layer and the attention layer [?,?]. The reason for choosing a com-
bination of LSTM and attention mechanism is that LSTM performs well in handling time
series data and is able to capture long time dependencies. However, LSTM models alone
may miss some important feature information when dealing with long time dependencies.
By introducing the attention mechanism, the model is able to better focus on key features,
thus improving the accuracy and robustness of the prediction. The attention mechanism
assigns weights to different time steps by calculating the degree of match between query
vectors, key vectors, and value vectors, enabling the model to identify and utilize impor-
tant features more accurately. This combination allows the model to not only accurately
predict energy consumption, but also to provide the contribution of each time step to the
final prediction, thus increasing the interpretability and trust in the model. By visualizing
the attention weights, users can intuitively understand the key features that the model
focuses on when making predictions. In practical applications, real-time data collection
and processing can be realized by deploying on edge computing devices. At the same
time, the model can periodically update its parameters to adapt to changes in real-time
data streams, thus improving the accuracy and timeliness of predictions. In addition,
online learning and incremental learning techniques can be used to enable the model to
continuously learn and optimize to improve its adaptability in dynamic environments. To
improve the understanding of the role played by each component, a conceptual diagram
of LSTM and the attention mechanism is presented in Figure 1.

A conceptual diagram of the structure of the LSTM unit block is shown in Figure 1 (A),
while a conceptual diagram of the operation of the attention mechanism is presented in
Figure 1 (B). The combination of the two constitutes the model of the LSTM + attention
algorithm required for this study. In Figure 1 (A), h, C, and X represent the hidden state,
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FIGURE 1. (A) LSTM (B) Attention mechanism
Conceptual diagram of the algorithm model structure

cell state, and input data, respectively. Meanwhile, ¢, o , and tanh refer to the current
moment, sigmoid function, and hyperbolic tangent function, respectively. In Figure 1 (B),
Query is the query vector, Key is the key vector, Value is the value vector, and Attention
represents the weighted sum process of attention. The LSTM unit block controls the
storage and output of information through gating mechanisms, i.e., input, forget, and
output gates. Meanwhile, the attention mechanism focuses on key features by calculating
the matching degree among query, key, and value vectors. By utilizing the long-term
dependency processing capability of LSTM and the key feature focusing ability of the
attention mechanism, the accuracy and robustness of prediction are improved, making
the model effective in identifying energy consumption patterns.

The input layer of the model receives normalized multidimensional time series data,
including features, such as total energy consumption, zonal energy consumption, ambient
temperature and humidity, lighting power, and elevator power. To enable the model to
process these data, the input data are organized into a 3D (number of samples, time step,
and number of features) tensor.

Systematic hyperparameter tuning is performed to ensure optimal model performance.
The optimal combination of the number of LSTM cells and layers is selected through
grid search and cross-validation [?]. In particular, the weight dimensions that best reflect
the key time step features are determined experimentally to ensure the effectiveness of
the attention mechanism in identifying important features. In addition, a learning rate
scheduling strategy is adopted to start training from higher values and gradually reduce
learning rate to ensure the stability and efficiency of model convergence. An appropriate
batch size can be determined through experiments to achieve balance between training
efficiency and model performance.

Finally, the designed model structure parameters are as follows. The LSTM layer
consists of three stacked layers, with each layer containing 128 units. The weight dimen-
sion of the attention layer is 64, the initial learning rate is 0.001, and batch size is 32.
Through such model design and optimization, an efficient and accurate electrical energy
consumption prediction model for intelligent buildings is constructed. This model can
provide strong support for energy management in intelligent buildings. Figure 2 shows
the structural diagram of the model.

Figure 2 shows the training structure of the electrical energy consumption prediction
model for intelligent buildings. The input layer receives preprocessed multidimensional
time series data and organizes it into a 3D tensor. The input data are passed to a
multilayered stacked LSTM structure, where each layer of LSTM consists of 128 units
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and time dependencies are processed through gating mechanisms. After the output of
the LSTM layer enters the attention layer, the importance weights of each time step are
calculated and these weights are normalized via the softmax function. The normalized
weights are summed with the LSTM output to obtain the output of the attention layer,
which can go through the fully connected layer. The output can be mapped to the
predicted values via linear transformation for energy consumption prediction. The two
core components of the model work together to ensure the performance of the entire model
training.

3.4. Model Training. This section provides a detailed description of the methods used
in model training and the specific process of solving the problem, including measures,
such as data preparation, training configuration, and model training. Table 3 provides
the distribution of the sample data in the dataset, with the training, testing, and validation
sets accounting for 70%, 15%, and 15% of the total data, respectively.

TABLE 3. Sample classification of the dataset

Serial number Type Training set Test set Validation set
1 Room 1500 320 320
2 Corridor and stairs 850 182 182
3 Underground parking 650 140 140
4 Others 1200 258 258

As indicated in Table 3, 6000 samples are used for the experiment, including 4200 train-
ing samples, 900 testing samples, and 900 validation samples. The sample data collection
mostly originates from indoor rooms, outdoor corridors and stairs, and underground park-
ing lots. In addition, some difficult-to-classify data sources are uniformly classified into
other categories. Among them, corridor stairs and underground parking belong to out-
door, room belongs to indoor, and others contain half of the indoor data and half of
the outdoor data. The ratio of the indoor and outdoor data is 1:1, which can effectively
measure the electrical consumption level inside and outside the building, better assisting
the model in predicting electrical energy consumption.
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MSE can be selected as the loss function. It can effectively measure the deviation
between the predicted and true values. The formula is

1 N

MSE == > (s — )’ (4)

i=1

where N is the number of samples, y; is the true value, and ; is the predicted value. By
minimizing MSE, the model can fit training data accurately. This study uses the Adam
optimization algorithm for parameter updating. This algorithm combines the advantages
of the momentum method and the root mean square propagation algorithm, and it can
adaptively adjust learning rate to improve the convergence speed and stability of the
model [?]. The update rule for the Adam optimization algorithm is
my

9t+1 =0, — ﬁﬁ (5)
; —

where 7 is the learning rate; m; and v; are the deviation correction estimates of momen-
tum and gradient squared, respectively; and € is a constant that prevents zero division
errors. Batch size is set to 32, . e. , 32 samples are used for gradient calculation each
time the parameters are updated. A batch size of 32 can achieve balance between mem-
ory consumption and training efficiency, ensuring efficient model training and avoiding
memory shortage issues.

During model training, randomly shuffling training data is necessary to ensure that
data distribution is different for each epoch to avoid overfitting the model into specific
training samples. Then, batch-by-batch training can be used to input the training data
into the model for training in batches of different sizes. During the model training pro-
cess, the training time of each epoch was recorded to evaluate the training efficiency of
the model. The experimental results show that it takes about 2 minutes on average to
train one epoch, and the total training time is about 100 minutes. By using an effi-
cient optimization algorithm and reasonable hyperparameter settings, the model achieves
good convergence performance in a relatively short time. The input data are processed
through the LSTM and attention layers to capture long-term dependencies, calculate the
importance weight of each time step in the input sequence, and focus on key features.
The accuracy of model prediction can be measured by calculating the loss function value.
The gradient of loss relative to the model parameters can be calculated based on the
loss function value. Through the backpropagation algorithm, gradient information can be
transmitted to each layer of the model to guide parameter updates. The Adam optimiza-
tion algorithm can be used to update model parameters based on the calculated gradient.
The optimal number of LSTM units and layers were selected through grid search and
cross-validation, and the weight dimensions of the attention layer were experimentally
determined. Meanwhile, a learning rate scheduling strategy was adopted to start training
from larger values and gradually reduce the learning rate to ensure the stability and effi-
ciency of model convergence. The above process is iteratively repeated on the training set
until the loss function value converges or reaches the preset number of training rounds.
At the end of each epoch, the performance of the model is evaluated using validation set
data, and the generalization ability of the model is determined through the validation
loss.

In this paper, the computational complexity of the model is analyzed.The computa-
tional complexity of the LSTM layer is mainly reflected in its gating mechanism and loop
structure, while the computational complexity of the attention mechanism is squarely
related to the length of the input sequence. In order to reduce the computational cost,
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the following optimization strategies can be adopted: 1) Reduce the computational com-
plexity by reducing the dimensionality and time step of the input features; 2) Adopt more
efficient optimization algorithms, such as distributed training and parallel computation;
and 3) Optimize the model by using quantization and pruning techniques, which reduces
the number of parameters and the computational volume.

To prevent overfitting of the model during training, various regularization methods are
employed, including dropout and early stopping [?]. The introduction of dropout into the
LSTM and fully connected layers can prevent the model from overly relying on specific
features and improve its generalization ability by randomly discarding some neurons.
During the training process, the dropout probability is set to 0.5, 7. e. , each neuron
has a 50% chance of being discarded. By monitoring loss on the validation set, when
validation loss no longer decreases for several consecutive epochs, training is terminated
in advance to avoid overfitting of the model into the training set [?,?]. The specific
setting is to stop training and save the best model parameters when validation loss fails
to decrease within 10 consecutive epochs. Figure 3 shows the parameter changes related
to the training process of the model.

Loss-Accuracy

100
804
60—
40— Loss
— Accuracy
20
0 T T T T 1
0 10 20 30 40 50

Epochs

F1cUrRE 3. Change in loss accuracy during model training

As shown in Figure 3, two curves are used to illustrate the trend of model accuracy
and loss over 50 iterations. As the number of iterations increases, the loss value of the
model continuously decreases, while accuracy gradually improves, both conditions reflect
the learning progress and performance improvement of the model. After approximately
30 iterations, the loss value tends to stabilize and fluctuates within a small range, while
accuracy remains stable at around 90%, indicating that the model has reached a good
convergence state. This stable accuracy and low loss value signify that the model ef-
fectively learns the patterns of the input data during training and can make accurate
predictions on new data. Overall, Figure 3 clearly depicts the evolution trajectory of the
model during the training process, illustrating that the model reaches the ideal state after
multiple iterations and laying a solid foundation for subsequent practical applications.

4. Model Evaluation.

4.1. Model Evaluation Indicators. During the experimental evaluation process, a
comprehensive measure of the model’s predictive performance and accuracy was used
with a variety of evaluation metrics, each of which played a different role and significance
in assessing the performance of the model.
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The performance of the energy consumption prediction model proposed in this pa-
per may vary under different geographical locations and climatic conditions. In order
to assess the adaptability of the model, experiments are conducted under different geo-
graphical locations and climatic conditions to analyze the predictive performance of the
model. Preliminary experiments show that the model’s prediction accuracy is higher in
temperate and subtropical climates, while the model’s prediction performance may de-
crease in extreme climates. This suggests that future research can combine multimodal
data to further optimize the model’s adaptive ability and improve its prediction accuracy
in different environments.

MSE is sensitive to large errors and can effectively capture large prediction deviations.

The mean absolute error (MAE) is insensitive to large errors and provides a smooth
picture of the overall model error. In general, the lower the MSE and MAE values, the
closer the model’s predictions are to the true values. The formula for MAE is

N
1
MAE = — " 6
NZ§1|y Uil (6)

The coefficient of determination (R? ) is a measure of the model’s ability to explain the
variation in the true values and takes values within the range [0, 1]. The formula is

> (¥ =9

R? provides the overall performance of the model in fitting data, and it is an important
reference for evaluating model performance.

The mean absolute percentage error (MAPE) is an assessment of the percentage error
of the predicted value relative to the true value. It can visualize the relative magnitude
of the prediction error. The calculation formula is

R2=1-

1 ¢ Yi — Ui
MAPE_H;| : | x 100% (8)

The lower the MAPE value, the higher the prediction accuracy of the model, and the
predicted results are closer to the true values. Figure 4 shows the scatterplot under 50
sample predictions, while Figure 5 shows the final metric data of the model on the test
set.

The results of the model on 50 samples are presented in Figure 4, visualizing the gap
between the predicted and actual energy consumption values. The dotted line in Figure
4 is the baseline, which represents the consistency between the predicted and actual
values, and the predicted points are closely distributed around the baseline. This finding
indicates that the predicted results of the model are highly consistent with the actual
energy consumption values, proving that the model exhibits a high degree of accuracy in
predicting the electrical energy consumption of buildings. Among the predicted results, an
extremely small number deviated a considerable distance, indicating that some results had
relatively large prediction errors in the experiment. This finding is an acceptable error in
the experiment. These errors can be gradually reduced in the further optimization of the
experimental model in the future to obtain the prediction model with the best predictive
performance.

As shown in Figure 5, the final performance indicators of the model on the test set
are presented in the form of histograms, including MSE, MAE, R?, and specific values of
MAPE. Among them, the values of MSE, MAE, and MAPE are relatively low, with two
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FIGURE 4. Scatterplot of the predicted results

Model evaluation metrics

Metrics

FI1GURE 5. Histogram of the final performance

decimal places of 3.31, 1.45, and 2.98, respectively. The R? value is 0.9, which is close
to 1. This result not only reflects the high accuracy and stability of the model in the
prediction process, but also indicates that the model can efficiently explain the variation
of energy consumption data. Hence, the model exhibits excellent predictive ability and
generalization performance.

The following conclusion can be drawn from Figures 4 and 5: the energy consumption
prediction model that combined the LSTM algorithm with an attention mechanism sig-
nificantly improves the accuracy and robustness of energy consumption prediction. This
study provides strong technical support for energy management in intelligent buildings,
verifying the effectiveness and practicality of the model.

4.2. Comparison of Model Prediction Performance. To fully evaluate the perfor-
mance of the prediction models in this study, three common DL models were chosen for
comparison. These models are multilayer perceptron (MLP), CNN, and the traditional
LSTM model. The evaluation indicators for comparison include MSE, MAE, R?, and
MAPE. To better demonstrate the advantages of the model designed in this study, it was
compared with three other algorithms. The parameter conditions of these algorithms are
provided in Table 4.

The design scenarios of the four algorithms for comparison are presented in Table 4,
including the LSTM model with an attention mechanism, the traditional LSTM model
without an attention mechanism, the CNN model, and the MLLP model. The traditional
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TABLE 4. Comparison parameters of different algorithms

Introduction of

Serial number Algorithm Atha.t 1 Channel attention Fully connected
function i layer
mechanism
1 LSTM ReLLU Yes Dense layer
2 LSTM ReLLU No Dense layer
3 CNN ReLU No Dense layer
4 MLP ReLU No Dense layer

LSTM model is used to verify the importance of the attention mechanism in the model
presented in this study and compare the changes in model testing metrics with and with-
out an attention mechanism. In addition, all the four models use the rectified linear unit
(ReLU) as the linear activation function and the dense layer to fuse features, reducing de-
sign differences among models and making the performance comparison among algorithms
more evident.
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FIGURE 6. Performance comparison of different algorithms

Figure 6 presents a comparison of the predictive performance of four different DL models
(MLP, CNN, traditional LSTM model, and LSTM model with an attention mechanism)
on ten random samples. The LSTM model with an attention mechanism proposed in
this study performs the best in all four evaluation metrics. The LSTM model with an
attention mechanism has the smallest MSE, MAE, and closest R? to 1, indicating that it
has the smallest prediction error, the highest prediction accuracy, and is able to better
explain data changes compared with the three other models. The MAPE of the proposed
model is also the smallest among the four models. The smaller the MAPE, the higher
the prediction accuracy of the model. The above comparison shows that the LSTM
model with an attention mechanism is considerably stronger than the four other classes
of algorithmic models in terms of prediction performance, and it can be helpful in this

field.
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5. Conclusions. The electrical energy consumption prediction model based on the LSTM
network and an attention mechanism for intelligent buildings successfully combines DL al-
gorithms with the characteristics of building energy consumption data, effectively improv-
ing the accuracy and reliability of energy consumption prediction. Through systematic
data preprocessing and model design, the model proposed in this study performs well in
evaluation metrics, such as MSE, MAE, R?, and MAPE, demonstrating significant advan-
tages over traditional models. The energy consumption prediction model based on LSTM
and attention mechanism proposed in this paper not only excels in prediction accuracy
and robustness, but also has a wide range of application potential in energy optimiza-
tion and energy saving strategy formulation. By accurately predicting building energy
consumption, it can provide data support for energy management of intelligent buildings
and help formulate more scientific energy-saving strategies. For example, the operating
time and intensity of air conditioning and lighting equipment can be dynamically adjusted
according to the prediction results, thus achieving the purpose of energy saving and con-
sumption reduction. In addition, the model can be used to monitor abnormal energy
consumption, identify and solve energy consumption problems in a timely manner, and
further improve energy utilization efficiency. Although the model presented in this study
has achieved good results in energy consumption prediction, it still experiences challenges
in practical applications. First, the performance of the model depends on a large amount
of high-quality historical data, but in practical environments, the integrity and accuracy
of data may be difficult to guarantee. In addition, the robustness of the model in han-
dling extreme weather or sudden events still requires further validation. Future research
directions include the following: (1) further optimizing data collection and preprocessing
methods to enhance the predictive ability of models in the absence of data, (2) exploring
multimodal data fusion to improve the adaptability of models in complex environments,
and (3) combining real-time monitoring and feedback mechanisms to achieve dynamic
optimization and management of energy consumption in intelligent buildings. Through
continuous improvement, the proposed model is expected to provide comprehensive and
effective technical support for the energy-saving management of intelligent buildings.
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