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Abstract: Currently, building energy conservation and emission reduction are crucial for 

environmental protection and sustainable development. In response to the difficulty in accurately 

quantifying building energy consumption and the low efficiency of existing management, this study 

develops a building energy management system that integrates hybrid anomaly detection and 

intelligent prediction algorithms. The outcomes indicate that the highest determination coefficient 

of the prediction model reaches 0.96, and the mean absolute error of energy consumption prediction 

in spring is 3.33%, with a mean absolute percentage error of 1.01%. Compared with benchmark 

models such as sparrow search algorithm and particle swarm optimization algorithm, this method 

reduces the number of convergence iterations by 40.8%, further reduces the average absolute error 

by 14.2%, saves training time by 44.7%, and reduces memory usage by 18.5%. This method has 

significant advantages in building energy consumption prediction and anomaly detection, which can 

effectively improve the efficiency of building energy management and provide data support for 

energy efficiency enhancement and pollutant reduction. This provides new solutions for energy 

efficiency optimization of university buildings, promoting the realization of green buildings and 

energy efficiency enhancement and pollutant reduction. 
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1. INTRODUCTION 

According to data from the International Energy Agency (IEA), the building sector accounts for 

over 30% of global final energy consumption and nearly 40% of direct and indirect carbon dioxide 

emissions, exerting a profound environmental impact. Energy conservation and emissions reduction 

in this sector are crucial for mitigating climate change [1]. Public buildings such as office towers 

and university facilities possess significant energy-saving potential due to their multifunctional 

nature and high energy consumption (EC). Consequently, research into campus building EC is 

essential. However, outdated energy efficiency management—relying on manual experience rather 

than precise data analysis and intelligent tools—has become a barrier to improving efficiency and 

reducing pollutants [2]. Data mining technologies offer novel solutions for energy management and 

fault diagnosis. They enable real-time monitoring and analysis of equipment operation, detect 

abnormal fluctuations in EC for precise adjustments, and predict failures and enable preventive 

maintenance through historical data, thereby reducing energy waste and economic losses [3]. 

Among these, Building Energy Management Systems (BEMS) can monitor building energy 

consumption (BEC) in real time, playing a significant role in enhancing energy efficiency, reducing 



pollutants, and lowering operational costs [4]. BEMS is widely used in various fields, and existing 

research can be roughly divided into energy management optimization, EC prediction models, or 

anomaly detection. Researchers have made significant progress in optimizing energy management. 

For example, the research in references [5] - [8] focuses on optimizing cost, equipment, resources, 

and management models through BEMS. Regarding the EC prediction model and anomaly detection 

field, scholars in references [9] - [12] have conducted in-depth analysis by combining artificial 

intelligence (AI) and deep learning techniques. 

In summary, although BEMS has made significant progress in the design and application of existing 

research, it cannot effectively solve the problems of inaccurate data processing, insufficient model 

optimization, and poor adaptability to multiple scenarios in existing research. For example, some 

studies use single traditional K-means clustering or standard LSTM prediction models that are 

sensitive to parameters and susceptible to outlier interference, resulting in poor generalization ability 

under different operating conditions or building types. 

Therefore, this study innovatively proposes a framework combining ensemble learning and 

metaheuristic optimization, whose core contribution lies in: 

(1) A multi-level robust clustering mechanism combining entropy weight (EW) and K-means 

algorithm (EWKM) and density-based spatial clustering of applications with noise (DBSCAN) is 

proposed. 

(2) An improved sparrow search algorithm (ISSA) is designed, which introduces optimal set 

initialization, reverse learning, and dynamic weighted search mechanism to achieve automatic 

optimization of bidirectional long short-term memory (BiLSTM) hyperparameters. ISSA-BiLSTM 

method effectively improves the convergence speed and prediction accuracy (PA) of the model, 

overcoming the problem of traditional optimization algorithms easily falling into local optima. 

(3) By combining real-time monitoring with dynamic prediction, real-time diagnosis of energy 

consumption anomalies and dynamic adjustment of management strategies have been achieved. 

This provides a more adaptable solution for energy management across multiple building types and 

operating conditions. 

The comparison of different studies is shown in Table 1. 

Table 1. Comparison of Different Studie 

Research method Research results Author 

Dynamic programming and Bald Eagle 

search optimization algorithm 

Cost reduction: 15.3%; 

Convergence: 280 iterations 

H. Youssef et 

al.[5] 

Interactive Intelligent BEMS 
Control accuracy: 94.2%; 

Response time: 1.8s 

M. U. Shoukat et 

al.[6] 

Life Cycle Assessment 
Energy efficiency: 23.5% 

improvement 

A. Polyanska et 

al.[7] 

Standardization of BEMS development using 

open-source modeling libraries 

Model development time: 

reduced by 35% 
L. Maier et al.[8] 

AI driven BEMS 
Real-time capability: 95.8%; 

Operational efficiency: 28.7% 

E. Tabaku et 

al.[9] 

Entangled LSTM architecture 

Prediction Mean Absolute Error 

(MAE): 4.85%; Convergence: 

310 iterations 

K. Sharma et 

al.[10] 



CNN-LSTM hybrid model 
Prediction R2: 0.89; Training 

time: 4.2h 

A. Kristian et 

al.[11] 

Neural network+logistic regression+decision 

tree 

Accuracy: 98.96%; 

Generalization: 82.3% 

B. Mehdizadeh 

et al.[12] 

 

2. METHODS AND MATERIALS 

2.1. DESIGN OF BEMS 

University buildings often have the characteristics of large land area, multiple building types, and 

complex functional divisions, among which the EC environment is complex and the types of EC are 

diverse. The manual management of energy has low efficiency and high cost, making it impossible 

to achieve effective scientific management of EC [13]. Therefore, universities have designed an 

intelligent BEMS to achieve refined energy-saving and consumption reduction management, and 

improve energy efficiency. The functional framework of BEMS is shown in Figure 1. 
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Figure 1. Functional framework of BEMS 

 

In Figure 1, the design of BEMS includes three main layers: data layer, functional layer, and 

application layer. The data layer bears accountability for collecting data from various devices and 

sensors inside the building. The collected high-dimensional data are imported into the Building 

Information Modeling (BIM) in the functional layer to provide data support for the implementation 

of lower level algorithms. Key EC characteristics are extracted from the BEC database and the data 

are used to establish a BEC prediction model, which predicts future EC grounded on historical data. 

A subset of BEC features is obtained through feature extraction, and after training, the BEC 

prediction model is used to obtain forecasted values. Data mining and analysis techniques are 

utilized in the application layer to conduct in-depth analysis of the collected BEC data and generate 

visual reports. The core technologies of this layer include AI, machine learning, and big data analysis, 

which help managers understand the current situation and trends of BEC, thereby achieving 

anomaly diagnosis. 

2.2. DATASET DESCRIPTION AND DATA PREPROCESSING 

The experimental dataset used in this study was sourced from the ASHRAE global database 

(publicly available, doi.org/10.6078/D1F671). This dataset covers the global building stock of 

109033 real buildings over the past 20 years. This study extracted power data from one of the 

university buildings from January to October 2024, with a collection interval of once per hour and 



a total of 6480 data records. The dataset is divided into 70% training set, 15% validation set, and 

15% testing set. Given the presence of data anomalies and noise interference, the BEC data requires 

cleansing to uphold data quality. The data preprocessing stage first performs cleaning and quality 

enhancement on the raw data. The handling of missing values shall be carried out in accordance 

with ASHRAE Guideline 14-2014 and ISO 50001:2018 standards. Linear interpolation is used to 

fill in missing data collected by sensors with a duration not exceeding 1 hour. Data that are missing 

for more than 24 hours will be excluded and considered a system failure requiring equipment 

inspection. The outlier processing uses is Inter-Quartile Range (IQR) for identification and removal, 

with upper and lower limits of uS  and dS , respectively. The expression is shown in equation (1) 

[14]. 

1 1.5 IQR, 3 1.5 IQRu dS q S q= −  = +                     (1) 

In equation (1), 1q   and 3q   are the first and third quartiles. On this basis, standardize all 

continuous variables to improve data consistency and model training stability. 

2.3. BEC DATA ANOMALY DIAGNOSIS BASED ON EWKM AND DBSCAN 

The anomalies in BEC data have multiple sources, including global discrete point anomalies caused 

by equipment or sensor failures, as well as local collective anomalies caused by special events such 

as holidays and large-scale events. A single algorithm is difficult to balance two types of anomaly 

detection: traditional clustering methods such as K-means are sensitive to noise, while DBSCAN, 

although good at identifying local anomalies, lacks the ability to weight high-dimensional features. 

Aiming at the multimodal, context sensitive, and high-dimensional noise characteristics of EC data, 

EWKM and DBSCAN methods were designed specifically. The implementation steps for abnormal 

diagnosis of BEC data in the research design are shown in Figure 2. 
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Figure 2. Implementation steps for BEC data anomaly diagnosis 

 

In Figure 2, the study gathers BEC data encompassing various metrics like electricity usage, water 

consumption, air conditioning EC, temperature, and equipment status. The first level adopts EW 

method weighted K-means clustering, which achieves soft noise reduction through feature weight 

allocation, suppressing noise while retaining the main energy consumption patterns, and 

preliminarily screening global discrete anomalies. The second level further identifies contextual 

collective anomalies that EWKM failed to capture through DBSCAN. This hybrid strategy 

significantly improves the anomaly detection accuracy of high-dimensional energy consumption 

data in complex scenarios through functional complementarity [15]. The combination of EW and 

K-means utilizes EW to weight features, thereby transforming the distance measurement standard 

of K-means. The specific steps are as follows: Firstly, the EW method is employed to calculate the 

weight of each feature. Features with lower entropy values represent greater information content, 

and therefore should be given higher weights. EW is used to measure the importance of features and 



ensure that the K-means clustering algorithm focuses on important features. The research collects 

the EC influencing factors of i   buildings, and establishes a BEC factor dataset 

   1 2 1, ,..., ,..., , ,..., ,...,j i j j ju jnF f f f f f f f f= =  , where 
jnf   is a dataset of n   influencing factors 

collected for Building j  . Secondly, during the iteration process of the K-means algorithm, the 

weights calculated using EW are used to redefine the distance between data points and cluster 

centers. The traditional Euclidean distance has been improved to a weighted Euclidean distance, 

and its calculation formula is shown in equation (2) [16]. 

( ) ( )
2

1 1 1 1

k i n n

l j u lj lu lu ju u lu luJ w z x lg    = = = =
 = = − +
     W, Z,Λ          (2) 

In equation (2), W  is the allocation matrix, with a size of k i . Z  is the current cluster center 

matrix, Λ  is the matrix corresponding to  .   is the weight corresponding to each cluster, with 

dimension k m  .    is the parameter, 0   . Finally, perform weighted clustering, where the 

algorithm allocates data points and updates cluster centers based on this weighted distance. This 

indicates that features with high information content have greater weight in determining the 

attribution of data points. To avoid entropy calculation failure caused by zero values, add a small 

perturbation term 1e-8 to the normalized data. The number of clusters K  in the EWKM algorithm 

is automatically determined by the Davies Bouldin Index (DBI) and silhouette coefficient [17]. To 

further identify anomalies, the study chose the DBSCAN algorithm. The DBSCAN can effectively 

identify noise and outliers, and is suitable for detecting outliers in BEC data. Based on EWKM 

clustering results, DBSCAN algorithm is applied to detect noise points and outliers, and abnormal 

data points are marked. The process design of DBSCAN algorithm is in Figure 3. 
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Figure 3. DBSCAN algorithm process 

 

In Figure 3, the dataset is input, and the algorithm sets the domain parameter neighborhood Eps  

and neighborhood density threshold Minpts . The algorithm randomly selects object P  from the 

dataset that has not been checked yet. If P  is not processed, that is, it is not classified as a cluster 

or marked as noise, then Eps  is checked. If the number of objects included is not less than Minpts , 

the algorithm marks P  as the core point and establishes a new cluster C . All points of P  are 

added to C  . All unprocessed objects q   in C   have their Eps   checked. If there are at least 

Minpts  objects, the algorithm adds these objects to C . If q  does not belong to any cluster, the 

algorithm will add q  to C . The steps are repeated, the unprocessed objects in C  are further 

checked, and the current candidate set C  is empty. The steps are repeated until all objects are 



assigned to a cluster or marked as noise. 

2.4. BEC PREDICTION MODEL BASED ON ISSA AND BILSTM 

In addition to anomaly diagnosis to identify faults in energy management, EC prediction is one of 

the important steps in BEMS. The feature subset obtained from clustering results is input into the 

EC prediction model, and BiLSTM can process time series prediction data in BEC prediction. The 

BiLSTM model combines forward and backward LSTM units by introducing a bidirectional 

structure, enabling it to learn from both past and future data simultaneously. The forward LSTM 

unit processes data in the forward order of the sequence, while the reverse LSTM unit processes 

data in the reverse order [18]. BiLSTM can more comprehensively capture the correlation 

information in time series, improving the understanding and representation of sequence features The 

forward and reverse Hidden Layer (HL) states are th


 and th


. The expressions involved in this 

process are shown in equation (3). 
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In equation (3),   is the sigmoid activation function, and tx  is the dataset of EC impact factors 

input at time t . 1W  and 
1

'W  are the weight matrices from the input data to the HL state in the 

forward and backward LSTM units, respectively. 1b  and 2b  are the forward and reverse output 

layer bias controls, respectively. 2W  and 
2

'W  are the weights of the HL state from time t  to time 

1t −   for the forward and backward LSTM units, respectively. tf   is the forget gate, which 

determines which information to discard from the cellular state. 
fW , 

fb  represents the weight and 

bias of tf  , respectively. tI   is the input gate. IW  , Ib   represents the weight and bias of tI  

respectively. tO  is the output gate. OW , Ob  represents the weight and bias of tO , respectively. 

tC   and tC   represent cell state and candidate cell state, respectively. CW  , Cb   represents the 

weight and bias of tC , respectively. Tanh  is the activation function. The final BEC prediction 

value tY  after combining forward and reverse directions is expressed in equation (4) [19]. 

1 2t t tY h h = +


                                (4) 

In equation (4), 1  and 2 are the positive and negative factors. The prediction model is trained 

and the prediction results are optimized to ensure accuracy and stability. To address the 

shortcomings of time-consuming and unstable manual parameter tuning, ISSA is studied for 

automatic parameter tuning of BiLSTM to improve the accuracy and efficiency of the model. The 



process of BEC prediction model is shown in Figure 4. 
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Figure 4. BEC prediction model process flow 

 

In Figure 4, the ISSA-BiLSTM model applies the ISSA to hyper-parameter optimization of the 

BiLSTM model. It randomly generates a set of hyper-parameters for the BilSTM model to form the 

initial population for the ISSA. The BiLSTM model is trained using the training dataset and the 

model's PA is evaluated using the validation dataset. The PA is used as the fitness value of the ISSA. 

The ISSA updates hyper-parameters based on fitness values, guiding the hyper-parameter search of 

the BiLSTM model and continuously iterating and optimizing it. When the preset number of 

iterations or fitness value is reached and there is no further improvement, the algorithm terminates. 

The ISSA in this model is responsible for finding the optimal hyper-parameter combination for the 

BiLSTM model, thereby improving the PA and generalization ability of the model [20]. 

2.5. ISSA DESIGN 

To overcome the shortcomings of traditional SSA in optimizing BiLSTM hyperparameters, such as 

slow convergence speed, weak global search ability, and susceptibility to local optima, and 

significantly improve the accuracy of BEC prediction, this study proposes ISSA. The core 

improvement of ISSA lies in the introduction of three key mechanisms: the good point set 

mechanism, reverse learning mechanism, and optimization search mechanism. These improvements 

directly improve the prediction accuracy of BiLSTM from three aspects. One is to initialize the 

hyperparameter candidate solutions using the good point set, making their distribution more uniform 

and diverse, avoiding slow convergence caused by random initialization, and laying a solid 

foundation for optimization. The second is to explore the reverse solution of the symmetric region 

of the current optimal solution through the reverse learning mechanism, which helps the algorithm 

to escape from local optima and find the global optimal or better hyperparameter combination more 

easily. The third is through the optimization search mechanism, the step size is adaptively adjusted 

during iteration, with a focus on global exploration in the early stage and fine local development in 

the later stage, achieving stable and efficient approximation of the optimal solution after balancing. 

The flowchart of ISSA is shown in Figure 5. 
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Figure 5. Process diagram of ISSA 

 

In Figure 5, the ISSA first initializes the population and uses the good point set mechanism to 

initialize the good point set. When an individual updates its location, in addition to updating rules 

based on the current location, it also incorporates reverse learning mechanisms and optimization 

search mechanisms. The principle of the good point set is to set sG   as a unit cube in s  -

dimensional Euclidean space. If the good point se G , the expression for the good point set ( )'

nJ k  

is shown in equation (5) [21]. 

( ) ( )  ( )  ( ) ( ) 
( ) 

1 2 1

2 2 1

n n n'

n sJ k e k , e k ,..., e k , k n ,

e cos k q , k s

=     

=  

               (5) 

In equation (5), ( ) n

se k  denotes the decimal part and n'  is the number of points. q  is the min 

prime number that satisfies ( )3 2q s−   . ( )'

nJ k   is mapped to the search space as shown in 

equation (6). 

( ) ( )  ' ' i '

i j j j jx j s c e k c= −   +                         (6) 

In equation (6), '

js  and '

jc  are the upper and lower bounds of the j th dimension. ISSA initializes 

the population through a set of optimal points and incorporates a reverse learning mechanism when 

updating the positions of followers and alerts. The reverse learning mechanism enables individuals 

to learn in reverse during the search process, avoiding falling into local optimal regions. This 

mechanism can guide individuals to explore different solution space regions, thereby enhancing the 

ability of global search. The reverse solution '

kR  of individual kX  is shown in equation (7). 

( )' ' '

k r j j kR n s c x=  + +                              (7) 

In equation (7), rn  is a random number, ( )0 1rn , . Additionally, to balance the global search and 

local development of the algorithm, an optimization search mechanism is introduced to boost 

demographic diversity and utilization of the current solution. This mechanism improves the search 

efficiency of the algorithm by dynamical weighting factor w , enhancing individuals' search ability 

in the solution space, avoiding falling into local optima, and raising the algorithm's global 



exploration ability. w  adopts a linear decreasing strategy for adjustment. The formula for updating 

the d -dimensional position 1t

i ,dX +  of the i th individual in the 1t + th generation of the population 

is shown in equation (8). 

( )
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1

2 21

1

2 2

t t t

i ,d best i ,d

t t t
i ,d i ,h i ,d

t
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w X c rand X X
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X c rand X X ,

X n , R s

+

  +  − +
 

=   −


+  

                   (8) 

In equation (8), 1c  and 2c  are both learning factors. t

bestX  is the global optimal value for the t

th generation. t

i ,hX  is the historical optimal value for the i th individual. sn  is a standard normal 

distribution random number. 2R   is a uniform random number,  2 0 1R ,  . 2s   is the alert 

threshold,  2 0 5 1 0s . , . . The formula for updating the position of the alert personnel is shown in 

equation (9) [22]. 

( )
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t t t

best i ,d best i g

t t t
i ,d i ,d i ,ht

best r i g

i w

X X X , f f

X X X
X K , f f
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+

 + − 


=   −
+  =   − +  

                     (9) 

In equation (9),   is a random number that conforms to the standard normal distribution. rK  is 

a uniform random number,  11rK , − .   is a smaller number to prevent the denominator from 

being one. wf  is the fitness value of the sparrow in the worst position. 

3. RESULTS 

3.1. PERFORMANCE ANALYSIS OF BEC FEATURE SELECTION 

The experimental software used included Python 3.9 and PyTorch 1.12, physical simulation 

software EnergyPlus v9.6, visualization tools Grafana v8.3 and Tableau 2022.1. Hardware Dual 

Intel Xeon Gold 6248R (48 cores), GPU NVIDIA Tesla V100S-32GB, Memory 384GB DDR4 ECC. 

The trend chart of time series data and the data analysis before and after BEC data processing are 

shown in Figure 6. 
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Figure 6. Changes in different time series data and changes before and after data processing 



 

Figure 6 (a) shows the time series trend of electricity consumption for different months. The data 

shows a strong seasonal correlation, with significant differences (p<0.01) in the distribution of 

electricity consumption data between January, July, and August compared to other months. In 

January, July, and August, due to a sharp decline in building utilization, there were a large number 

of extremely low EC days, accounting for over 60%. Therefore, some EC data from January, July, 

and August were excluded from the model training data. Figure 6 (b) shows the data results after 

anomaly detection and cleaning. The outliers and noise in the dataset were removed, and the overall 

trend was more stable. The electricity consumption was more concentrated between 1800kw·h and 

4200kw·h. Compared to the original data, the cleaned data exhibited higher reliability. 

To determine the optimal number of clusters, the range of cluster values was set to [1, 10], which 

means calculating the values of different cluster numbers for each season's electricity consumption 

data to find the most suitable cluster number. Simultaneously perform silhouette analysis to validate 

optimal cluster numbers per season. The results of these experiments are shown in Figure 7. 
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Figure 7. EWKM clustering results of data 

 

In Figure 7 (a), the highest values for spring, summer, autumn, and winter were 1.10, 0.88, 0.85, 

and 0.79, respectively. Therefore, the optimal number of clusters for all four seasons was 2. This 

was because the values of spring, summer, and winter reached their highest when there were two 

clusters, indicating that EWKM had the best clustering effect on the current season's electricity 

consumption data. The result of silhouette analysis is shown in Figure 7 (b). The average silhouette 

coefficient reaches its peak when the number of clusters is 2. The average silhouette coefficient is 

0.537 in spring, 0.529 in summer, 0.518 in autumn, and 0.472 in winter. This indicates that the two 

clusters have achieved the best balance between cohesion within the clusters and separation between 

clusters in each season. 

To further analyze the abnormal situation of BEC, the electricity consumption data for spring and 

autumn 2024 were tested separately. The electricity consumption results within 60 days are shown 

in Figure 8. 
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Figure 8. Abnormal electricity consumption detection in spring and autumn 

 

In Figure 8 (a), the DBSCAN algorithm successfully identified 16 abnormal points in spring and 

autumn electricity consumption data. These outliers mainly occurred during some atypical 

electricity usage periods, due to electricity fluctuations caused by weekends or special events. In 

Figure 8 (b), a total of 8 anomalies were detected in autumn electricity consumption, which occurred 

between 10am and 3pm. This was related to large-scale course arrangements and activities. For 

further validation, Tukey's Fence method was employed in statistical testing to corroborate the 

identified anomalies, specifically 16 in spring and 8 in autumn. The results showed that these 

abnormalities deviated significantly from the normal distribution (p<0.01). 

3.2. ISSA PERFORMANCE ANALYSIS 

To evaluate the contribution of different mechanisms in ISSA, ablation experiments were conducted. 

The results of the ablation experiment are shown in Table 2. 

Table 2. Ablation study of ISSA components 

Component 
Convergence 

iterations 

Changes in 

convergence 

iterations 

MAE 

(%) 

MAE 

changes 

Local 

optima 

escapes 

Changes in 

local optima 

escapes 

ISSA 142 / 3.33 / 89% / 

No reverse 

learning 
178 +25% 3.74 +12.3% 62% -30.3 

No good 

point set 
165 +16% 3.65 +9.6% 71% -20.2% 

Basic SSA 218 +54% 5.12 +53.8% 34% -61.8% 

 



In Table 2, ISSA only requires 142 iterations to converge, while SSA requires 218 iterations. The 

good point set initialization and optimization search mechanism introduced by ISSA effectively 

improves the search efficiency of the algorithm, enabling it to find the optimal solution at a faster 

speed. The local optimal escape rate of ISSA is as high as 89%, while SSA is only 34%. ISSA has 

improved by 55%, mainly due to the reverse learning mechanism. This mechanism allows the 

algorithm to explore the reverse region of the current optimal solution, effectively escaping the local 

optimal trap and having a higher probability of finding the global optimal solution. The MAE of 

ISSA-BiLSTM is 3.33%, which is its final predictive performance on an independent test set. 

To confirm the optimization effect of ISSA, the study selected Particle Swarm Optimization (PSO), 

Grey Wolf Optimization (GWO), and SSA for comparison. The study chose to conduct experiments 

on the Congress on Evolutionary Computation (CEC) test function set, which serves as a standard 

test function set covering various complex problems [23]. The changes in fitness values on high-

dimensional and low dimensional test functions are shown in Figure 9. 
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Figure 9. Changes in fitness values on high-dimensional and low dimensional test functions 

 

In Figure 9 (a), for high-dimensional unimodal functions, the ISSA had better optimization 

performance than other algorithms. The standard deviation, mean, and optimal value of ISSA were 

9.15×10-17, 0.96×10-17, and 2.18×10-18, respectively. The optimal values for PSO, GWO, and SSA 

were 6.74×10-9, 5.21×10-7, and 5.65×10-15, respectively. In Figure 9 (b), the standard deviation, 

mean, and optimal value of ISSA were 1.011, 1.005, and 1.050, respectively. The optimal values for 

PSO, GWO, and SSA were 2.045, 1.420, and 1.091, respectively. The optimization effect of SSA 

low dimensional test function was closer to ISSA, PSO had the worst optimization effect, and GWO 

had average optimization effect. 

The study compares the performance and PA of ISSA-BiLSTM with baseline models. The relevant 

results are shown in Table 3. 

Table 3. Performance comparison of different models 

Model 
Training 

time (h) 

Memory usage 

(GB) 

MAE 

(%) 

Convergence 

iteration times 
NSE WI 

PBIAS 

(%) 

Vanilla 

BiLSTM 
3.8 9.2 4.51 320 0.82 0.88 +5.2 

SSA-BiLSTM 2.9 8.7 3.87 240 0.89 0.92 +2.8 

ISSA-BiLSTM 2.1 7.5 3.33 142 0.93 0.94 -1.3 

 

In Table 3, The difference in MAE between ISSA-BiLSTM and Vanilla BiLSTM is significant 



(t=8.15, p<0.001, Cohen's d=1.52, Belonging to large effect quantity). There was a significant 

difference in MAE between ISSA-BiLSTM and SSA-BiLSTM (t=5.72, p<0.001, Cohen's d=1.21, 

belonging to large effect quantity). When Nash Sutcliffe Efficiency (NSE)>0.9, it indicates a high 

degree of fit between the predicted and actual values of the model, and the closer Willmott Index 

(WI) is to 1, the more accurate the model's prediction. The NSE of ISSA-BiLSTM is 0.93, WI is 

0.94, and its Percent Bias (PBIAS) is -1.3%. Compared to vanilla BiLSTM, it only increased by 

2.3% while still maintaining its optimal performance. ISSA-BiLSTM saves 44.7% of time and 

reduces memory usage by 18.5% compared to Vanilla BiLSTM. The good point set mechanism 

ensures uniform distribution of the initial population, reduces ineffective searches, and reduces the 

number of iterations by 40.8% compared to SSA-BiLSTM. Despite a 13.8% reduction in memory, 

the ISSA dynamic weighting strategy still resulted in a 14.2% decrease in MAE compared to SSA-

BiLSTM. 

To verify the effectiveness of the proposed method, it was compared with Transformer-based model, 

Informer, and Temporal Convolutional Network (TCN). The results are shown in Table 4. 

Table 4. Performance results of different methods 

Method 
Training time 

(h) 

Identification 

accuracy (%) 
F1-Score 

Parameter 

quantity (M) 

Proposed method 2.1 92.6 0.93 1.2 

Transformer 6.8 85.9 0.89 3.5 

Informer 5.2 88.4 0.91 2.8 

TCN 3.5 83.5 0.85 1.8 

K-means+LSTM 4.2 78.9 0.72 1.5 

 

In Table 4, the training time of the proposed method is 2.1 hours. From the perspective of multi 

scenario adaptation, the proposed method has the highest recognition accuracy of 92.6%. This relies 

on the dynamic parameter tuning advantage of ISSA BiLSTM in the proposed method, which 

automatically adjusts the time window and hidden layer nodes for campus buildings. In contrast, 

the fixed structure in Transformer based models requires retraining, resulting in the longest training 

time of 6.8 hours and a recognition accuracy of only 85.9%. The F1 Score of the proposed method 

is 0.93, which is 0.21 higher than K-means+LSTM. 

3.3. PERFORMANCE ANALYSIS OF BEC PREDICTION MODEL 

To determine the optimal values of hyper-parameters for the prediction model, ISSA was used for 

tuning the BiLSTM model. The iterative process of obtaining the optimal values of hyper-

parameters is shown in Figure 10. 

In Figure 10 (a), the number of cycles set at the end of the final iteration was 9. The learning rate 

was 8.9×10-3. By optimizing the learning rate through ISSA, the BiLSTM model could converge 

quickly while maintaining stability. The final optimized learning rate could prevent oscillation and 

instability while ensuring convergence speed. In Figure 10 (b), the first HL contained 65 nodes, and 

the second one had 84 nodes. The size of the HL directly affected the expressive power of BiLSTM. 

The optimized node numbers were 65 and 84, which not only enhanced the model's capability but 

also ensured reasonable computational efficiency and avoided the risk of overfitting. 
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Figure 10. Optimization iteration curve variation 

 

To confirm the PA of the proposed BEC prediction model, BiLSTM, SSA-BiLSTM, PSO-BiLSTM, 

and GWO-BiLSTM models were selected for comparison. The study trained and tested these 5 

models in each season, calculated R2, Mean Absolute Error (MAE), Root Mean Square Error 

(RMSE), and Mean Absolute Percentage Error (MAPE) for each item. The PA results of different 

models in the four seasons are in Figure 11. 
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Figure 11. BEC PA outcomes of various models 

 



Figures 11 (a) to (d) show the PA results of different models in the four seasons of spring, summer, 

autumn, and winter, respectively. The R2 values of ISSA-BiLSTM were generally high in all seasons, 

showing stronger predictive ability than other models in spring, summer, and winter, with the 

highest reaching 0.96. The MAE of ISSA-BiLSTM in spring is 3.33%, which is 31.5% lower than 

that of PSO-BiLSTM (4.86%). The MAPE of ISSA-BiLSTM is 1.01%. ISSA-BiLSTM could more 

accurately predict the EC of buildings. Compared to single BiLSTM, PSO, and GWO, it had 

stronger global search ability when optimizing model parameters, avoiding getting stuck in local 

optima. ISSA-BiLSTM showed higher accuracy in all seasons, with better R2 and MAPE values 

than other comparison models, and had good performance in BEC prediction. 

4. DISCUSSION AND CONCLUSION 

To achieve building energy efficiency enhancement and pollutant reduction, BEMS was developed, 

and data anomaly detection was achieved through optimized clustering algorithms. Meanwhile, a 

BiLSTM model was built in combination with ISSA to predict BEC. The results showed that the 

clustering algorithm proposed in the study resulted in the MAE and RMSE of the model being 18.14 

and 20.33, respectively. The MAE and RMSE were significantly reduced, and the PA of the model 

was improved. The research of M. Ordouei et al. did not use data mining techniques. Instead, they 

chose a reinforcement learning framework to analyze the EC of various uses in cities, and found 

that the annual EC of cities was reduced by at least 35% [24]. In contrast, the data mining technique 

EMKM used in the study could effectively handle outliers and noise in the data, further improving 

the PA of the model. This is because EWKM, which combines EW and K-means, assigns weights 

to different features based on data-driven methods, which can solve the problems of inconsistent 

feature dimensions and uneven contribution in high-dimensional data. 

In addition to K-means clustering and DBSCAN clustering algorithms, M.E. Ramachandran et al. 

proposed a decision tree, naive Bayes, and SVM method to process clustering patterns and classified 

and processed raw data for power load forecasting. The results showed that the accuracy of the 

method reached 96.4% [25]. Compared with decision tree clustering, the combination of EWKM 

and DBSCAN in this study improved the F1 score of anomaly detection from 0.72 to 0.93. M. A. 

Alghamdi et al. used stacked LSTM combined with meta learners and fast Fourier transform to 

analyze power consumption for EC prediction, and the results showed that the RMSE of this method 

was 0.020 [26]. Although these methods could handle classification problems, the BiLSTM model 

used in this study was better suited for handling time series data and nonlinear relationships, 

resulting in better performance in BEC prediction. 

This study proposed ISSA, which incorporated three mechanisms based on SSA: the good point set 

mechanism, reverse learning mechanism, and optimization search mechanism. The number of 

cycles for ISSA was set to 9, the learning rate was 8.9×10-3, the number of nodes in the first hidden 

layer was 65, and the number of nodes in the second hidden layer was 84. By optimizing the hyper-

parameters of the BiLSTM model through ISSA, the PA and training efficiency of the model on 

BEC data were improved. Therefore, this study was able to achieve better prediction results. 

However, the proposed model did not take into account the impact of CO2 emission reduction data 

on the BEMS system. Future research can couple relevant CO2 emission reduction data with carbon 

quota trading systems to deeply analyze the economic optimization path of BEMS. 
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