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A B S T R A C T

This study introduces innovative assessment techniques to comprehend the effect of six data normalization 
methods, implemented through the LSTM algorithm, on predicting electricity consumption in commercial 
buildings. The focus lies on analyzing the relationship between various normalization process and its integration 
with LSTM method concerning building electricity consumption. The LSTM model incorporates input nodes from 
diverse sources, including weather data, plug load data, and occupancy ratio. Six distinct normalization proc
ess—Min-Max, Mean, Z-score, Gaussian, VSS, and IQR—are applied to assess the model’s evaluation on both 
training and test datasets. The study found that combining the LSTM method with Min-Max and IQR achieves 
lower figures, representing better performance and greater stability in comparison to alternative normalization 
techniques. These results described the critical role of data normalization in improving the performance of LSTM 
models, highlighting the importance of choosing suitable normalization techniques for specific applications 
while balancing improved accuracy against computational complexity. Furthermore, the study explores the 
correlation impact of variations in average input elements, particularly with a 5% increase and decrease in value, 
on electricity consumption in commercial buildings across different seasons. Plug loads emerge as dominant 
contributors to electricity consumption across various normalization methods and raw data, with temperature 
and humidity ratio exerting notable influence in specific seasons.

1. Introduction

Anticipating the demand for electricity is of utmost importance in 
various processes (da Silva and Meneses, 2023). This predictive meth
odology is an essential tool for making decisions about the energy load 
in smart grid systems (Caro et al., 2020). It guarantees stability in 
electricity generation systems to achieve maximum efficiency and 
effectively manages energy demands in the ever-changing energy mar
ket (Bunn, 2000). Furthermore, a very precise forecasting model is 
essential for identifying anomalies (Himeur et al., 2021) especially when 

evaluating the ratios of building occupancy and the surrounding envi
ronmental conditions. This concept is crucial in reducing energy losses 
and waste (Cheng et al., 2022).

The growing prevalence of data-driven analyses in building energy 
forecast approaches is shown in multiple study disciplines. These data- 
driven methods, which often need fewer input elements, are relatively 
simple yet exhibit impressive accuracy. Occasionally, they surpass 
conventional engineering-based energy forecasting approaches. (da 
Silva and Meneses, 2023; Moon Keun Kim et al., 2020; Kim et al., 2024; 
Li et al., 2022; Runge and Zmeureanu, 2019).
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Building electricity consumption sectors have extensively employed 
various data-driven algorithms. Machine learning models, with their 
performance to deal with non-linear patterns, offer flexibility that is 
often lacking in conventional statistics methods (Zhang et al., 2024). 
Artificial Neural Network (ANN) methods have been extensively per
formed in several areas, for implementing projecting usage demand, 
evaluating the present electricity usage pattern, and identifying strate
gies for smart building management techniques (C. J. Lu et al., 2022; 
Peplinski et al., 2024; Wang et al., 2023).

Temporal dependencies within time series data are effectively 
addressed by the Recurrent Neural Networks (RNN) methodology, uti
lizing recurrent networks to recalculate values from previous time steps 
for estimating building energy consumption. Numerous studies have 
substantiated the efficacy of RNN as a valuable tool for building energy 
forecasting based on time series (da Silva and Meneses, 2023; C. Lu 
et al., 2022).

The Long Short-Term Memory Networks (LSTM) method stands as an 
advanced version of the deep RNN (Hasan, 2023; Peng et al., 2022; Wu 
et al., 2025). Traditional RNNs face challenges in training with back
propagation due to rapid reduction of errors, leading to vanishing gra
dients that impede or halt the learning process (Schmidhuber, 2015). In 
contrast, the LSTM algorithm was specifically formed to address the 
vanishing gradient issue. Its structure is similar to conventional RNNs, 
but it replaces summation units in the hidden layer with memory blocks, 
forming recurrently connected subnets (Graves, 2012; Jinmiao and 
Chaudhari, 2005). Numerous studies in the literature highlight the 
adaptability and accurate performance of the LSTM model in energy 
prediction scenarios.

Data normalization is a preprocessing technique that rescales or al
ters data in order to ensure that each element contributes equally to the 
predictive analysis (Kim et al., 2024; D. Singh & B. Singh, 2020). Data 
normalization is a process that rescales values to a standardized scale, 
ensuring that no one feature has a disproportionate influence on the 
analysis due to its magnitude (Ren and Cao, 2020). This technique im
proves the convergence and ability of ANN process by equalizing the 
impact of each feature, thereby effectively contributing to the entire 
analysis (El Bouchefry and de Souza, 2020). Data normalization is 
essential for creating precise predictive models, and its importance has 
been widely studied in across Artificial Intelligence (AI) methods.

This study presents an improved analysis that examines the rela
tionship between variables such as occupancy rate, plug-load data, and 
surrounding environmental conditions with building power usage dur
ing different seasons. We evaluated the substantial effect of various data 
normalization techniques on energy forecasting model in a commercial 
office building. The suggested predictive control technique relies on 
ANNs more specifically the LSTM. The study utilizes trained ANNs to 
estimate the real power usage of a commercial building. The ANNs are 
trained using specific impact factors such as occupancy rate, plug load 
data, and surrounding climate factors (solar irradiation, wind velocity, 
ambient outdoor dry bulb temperature, and specific humidity ratio). The 
prediction is made using the LSTM algorithm. The primary contents and 
aims of our investigation include: 

• Enhanced analyze the variations using six distinct data normaliza
tion algorithms using measurement data achieved in a commercial 
building, combining occupancy rate, surrounding environment, and 
electricity usage.

• Forecasting electrical energy usages in a commercial structure uti
lizing the ANN methods: LSTM for comparative assessment.

• Examine the impact of six standardization methods—Min-Max 
(minimum and maximum), Variable Stability Scaling (VSS), IQR, 
Mean, Z-score, and Gaussian normalization techniques—by 
comparing them to raw data. Apply forecasting analysis utilizing 
ANN algorithms utilizing normalized data to evaluate its effective
ness in forecasting electricity usages.

• Enhanced correlation analysis techniques with and without data 
normalization methods within seasonal changes

The primary contribution of this study is offering meaningful insights 
to enhance the performance of the LSTM-based forecasting model using 
six distinct data normalization algorithms for electricity usage fore
casting in a commercial building in U.S., thereby supporting variable 
implementation. Initially, this article outlined the following contents: 
ANNs models and data normalization methods, correlation methods, 
results, and conclusions.

2. ANNs methods to forecast electricity usages

ANN models have gained popularity in the field of energy usage and 
system modeling as a favored option for data-driven correlation exam
ination and forecasting methodologies (Soori et al., 2023; Zhu et al., 
2022). ANNs excel in effectively managing intricate and non-linear 
connections among actual data measured, including factors like build
ing occupant ratio, plug load data, dry bulb temperature, specific hu
midity ratio, solar irradiation, and wind velocity. This leads to greater 
precision in comparison to conventional statistical or simulation 
analytical techniques (Barone et al., 2021; Kim et al., 2024; Kim and 
Srebric, 2017). The benefit of ANNs stems from its architecture, which is 
derived from the structure and functioning of the human brain (Wang 
and Srinivasan, 2017). The chosen algorithm for the investigation is the 
LSTM. The LSTM algorithm is very beneficial for predicting energy de
mand in variable building types because of its ability to preserve 
important training data from the start of the series, thereby overcoming 
the prevalent problem of gradient vanishing observed in RNNs (Jinmiao 
and Chaudhari, 2005; Weerakody et al., 2021). Numerous studies have 
reported the LSTM’s high accuracy performance in the literature (Zhang 
et al., 2024). Incorporating the LSTM algorithm into the research im
proves forecasting and execution capabilities, creating it a key and 
suitable method for reaching the study aims.

2.1. LSTM neural networks

In contrast to feed-forward neural network (FFNN) algorithm, 
Recurrent neural networks (RNNs) create links that enable neurons to 
convey information among layers through recurrent loops in training 
procedure. This characteristic allows RNNs to excel at identifying and 
simplifying data types. The feedback mechanism in RNNs enhance ac
curacy of inputs and output by using calculated outputs to improve the 
input elements as referenced (Kim and Cho, 2019; Kumar Dubey et al., 
2021; Li et al., 2025). LSTM algorithm, a specific type of RNN, distin
guish themselves with a unique memory cell capability that enhances 
information retention over prolonged periods (Hochreiter and Schmid
huber, 1997). In order to overcome the difficulties associated with 
vanishing and exploding gradients, LSTM algorithm utilize advanced 
mechanisms including input and forget gates (C. J. Lu et al., 2022; 
Masood and Ahmad, 2021; Wang et al., 2025). The gates provide 
improved regulation of gradient flow, leading to greater retention of 
long-term dependence (Chandra and Matuska, 2022).

These following equations illustrate the LSTM algorithm (Kumar 
Dubey et al., 2021; Li et al., 2025): 

Input gate : it = σ(Wi[ht− 1, xt] + bi) (1) 

Forget gate : ft = σ(Wf [ht− 1, xt] +bf) (2) 

Cell state upddateĈt = tanh(Wc[ht− 1, xt] +bc) (3) 

Ct = ft × Ct− 1 + it×Ĉt) (4) 

Output gate : ot = σ(Wo[ht− 1, xt] + bo) (5) 
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Hidden State : ht = ot × tanh(Ct) (6) 

The LSTM algorithm includes weight matrices (Hou et al., 2025), Wi, 
Wf , Wo and Wc to regulate the input, forget, output gate, as well as cell 
state candidate, consequently, the bias vectors; bi, bf , bo and bc are 
connected to these control gates. These activation functions employed in 
the LSTM element is categorized into the sigmoid function, σ(*) and 
hyperbolic tangent, tanh(*).

Fig. 1 provides a visual concept of the LSTM process algorithms. It 
depicts the design and element of the LSTM model, emphasizing all gates 
and cell state. The figure also illustrates the interconnections and in
formation flow among these elements.

3. Data normalization methods

The increasing volume and elements of data pose a significant 
challenge in machine learning (ML) performance, leading to issues such 
as data instability due to errors, absent data entries or incomplete 
values, fluctuates, and data discrepancies (Rousseeuw and Hubert, 
2011; Saha and Srivastava, 2014; Singh and Singh, 2022). Literature has 
addressed the problems of prominent features, which negatively impact 
the effectiveness in classifying data demonstrated by different learning 
methods. The presence of these issues arises when data is collected from 
different databases or combined sources. Outliers affect the accurate 
estimation of statistics, leading to under-estimation or over-estimation, 
while main features generate bias in learning, causing classifiers both 
underfitting and overfitting tendencies on the training data. (Dalwinder 
Singh & Birmohan Singh, 2020).

Data normalization is a preprocessing method utilized to standardize 
or modify data, ensuring that each characteristic contributes evenly to 
the evaluation of performance (Liu et al., 2019). This process entails 
standardizing the values of various of multiple features to a standardized 
scale, hence mitigating the potential bias caused by a single variable 
with a significantly greater extent (Swift et al., 2023). Normalization can 
be essential for enhancing the efficiency and convergence of ANN 
methodologies. It ensures that each feature has a balanced influence on 
the total analysis and predicted results (Singla et al., 2022). Data 
normalization is vital in the creation of accurate predictive models for 
energy system and has been thoroughly studied in the relation of several 
ANN learning algorithms. It has a crucial function in preprocessing input 
data for modeling by reducing the influence of varying sizes and dis
tributions of characteristics (Zhang et al., 2014).

This research provided six alternative normalizing strategies to 
optimize the use of ANNs LSTM models and enhanced the predicted 
accuracy of building energy usage across six measured components. The 
purpose of selected normalization method is to reorganize the input 
data, with the goal of enhancing the overall effectiveness and accuracy 
of the ANN algorithms. Every normalization technique is tailored to 
particular data attributes, customizing the input elements to better align 
with the ANN models.

3.1. Min-max (minimum and maximum) data normalization method

Min-Max data normalization utilizes the approach linearly trans
forms the un-normalized data to fit within pre-established lower and 
upper bounds rescaled within (e.g., [0,1] or [-1, 1]). 

x́ =
x − min(maxn − minn)

max − min
+ minn (7) 

Where x is the value of original, x’ is the value after normalization, min 
and max represents the minimum and maximum features of the original 
dataset. The designated lower and upper limits for rescaling the data are 
indicated by maxn and minn which is normalized dataset.

Min-max data standardization is a method employed for standard
izing the influence of variables, ensuring they carry equal weight in the 
decision-making procedure in Artificial intelligent modeling and data 
driven examination (Singla et al., 2022).

3.2. Mean data normalization method

Mean standardization is a technique used to scale features in a 
dataset. The technique entails computing and deducting the average 
value for each characteristic. Moreover, it is customary to divide this 
computed value by either the range or the standard deviation (Singla 
et al., 2022).

The formula of Mean normalization for an element x’ is as shown: 

x́ =
x − mean(x)
max − min

(8) 

Where x is the original value, x’ is the value after normalization, min and 
max are the minimum and maximum values of the data. The designated 
lower and upper limits for rescaling the data are indicated by max and 
min and mean (x) is the mean value of data.

3.3. Z-score data normalization method

This strategy, typically referred to as standardization, is an exten
sively utilized data normalizing approach in both artificial intelligent 
and statistical research. This approach involves converting the dataset in 
order to obtain a mean value of zero and a standard deviation of one for 
each specific attribute (Liu et al., 2019). Z-score normalization entails 
transforming each value in a dataset such that the mean of all values is 
shifted to 0, and the standard deviation is adjusted to 1.

The equation for a feature x’ is as illustrated: 

x́ =
x − mean(x)

Std(x)
(9) 

where x is the value of original, x′ denote the standardization value, 
mean(x) signify the mean of the feature x, and std(x) indicate the 
standard deviation of x.

3.4. Gaussian function data normalization method

This model depicts the probability features of element from a prop
erly distributed parameters randomly (Liu et al., 2019): 

x́ =
1

std(x)
̅̅̅̅̅̅
2π

√ exp( −
1
2
(x − mean(x))2

std(x)2 ) (10) 

where x represents the value of original, x′ denote the standardized 
value, mean(x) signify the mean of the feature x, and std(x) indicate the 
standard deviation of x.

The Gaussian normalization finds extensive application in diverse 
fields such as statistics, theoretical probability, and data-driven evalu
ation. It is employed to design continuous random features demon
strating characteristics of general distribution (Singla et al., 2022).Fig. 1. Visual concept of the LSTM model.
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3.5. Variable Stability Scaling (VSS)

This VSS strategy broadens the utilization of the Z-score method by 
include the Coefficient of Variation (CV) as a scaling factor (Singh and 
Singh, 2022). The Coefficient of Variation is computed by dividing the 
mean of the data by its standard deviation, as specified below (Singh and 
Singh, 2022): 

x́ =
(x − mean(x))

Std(x)
⋅
mean(x)
Std(x)

(11) 

The CV represents more weight to features with a low standard de
viation and reduces the value of features with a high standard deviation.

3.6. Relative interquartile normalization (IQR)

Quartile normalization entails arranging the data in ascending order, 
splitting it into four equal halves called quartiles, and then determining 
the median of each quartile. The acquired medians are utilized to 
normalize the data. The relative interquartile normalization is one of 
quartile normalization methods and the formular is shown below: 

x́ =
x

IQR
(12) 

where IQR is the value = Q3- Q1, Q1 is the lower quartile which corre
sponds with 25th percentile, Q2 is the median value, Q3 is the upper 
quartile which is corresponds with 75th percentile.

Fig. 2 illustrates the training and prediction stages of the LSTM 
network, each employing a different normalization technique utilized in 
this research. The image provides a clear and logical depiction of the 
sequential operations entailed in the training and simulating phases for 
each neural network strategy, along with its corresponding standardi
zation methods. These procedures include data pretreatment, supplied 
data submission, weight optimization as well as output forecasting.

3.7. Correlation method

To assess the enhanced correlation method among the input pa
rameters measured or collected, this research employed a correlated 
impact factor (CIF). Disparities in these values signify the extent of 
effeteness, where positive or negative amount indicate the directionality 
of the results’ effects. (M. K. Kim et al., 2020). As per certain studies, the 
impact of modifying each node element is determined by calculating 
correlation impact factor through statistical methods following the deep 
learning process of ANNs (M. K. Kim et al., 2020; Kim et al., 2024; Ye 
and Kim, 2018).

The procedure for computing the CIF is as shown: Upon completing 
the training procedure of ANNs, the testing values undergo a 5 % in
crease or decrease from their initial values to generate artificial testing 
data. This 5 % variation is considered as the influence of each param
eter, reflecting a linearity association among the altered outcomes. 
Consequently, the outcomes generated by the modified testing nodes are 
compared to the actual results, utilizing the initial testing data value as a 
reference for forecasting.

The CIF value is determined by assessing the variation in magnitude 
between the predicted data. These results serve as a means to evaluate 
the effectiveness of each element on the overall electricity usages (Kim 
et al., 2019). 

Correlated Impact factor(CIF)=
ytest results with increasing or decreasing5%of sample − ytest results

ytest result

0.05
(13) 

To assess the precision and error rate of the LSTM algorithm 
employing six normalization techniques, this research utilized the co
efficient of variation of the normalized mean bias error (NMBE) as well 
as the root mean square error (CVRMSE). The equations are followed 

and specified in the American Society of Heating, Refrigerating and Air- 
Conditioning Engineers (ASHRAE) Guideline 14–2002 (ASHRAE, 2002): 

CVRMSE(%) =
[1n
∑n

i=1(yi − ȳi)
2
]
1/2

ȳ
× 100 (14) 

NMBE(%) =

∑n
i=1(yi − ȳi)

N × ȳ
× 100 (15) 

The LSTM model undergoes individual training and testing with their 
respective normalization approaches. This methodology facilitates a 
thorough comparison evaluation of the analysis and accuracy of each 
ANN algorithm, targeting the particular objectives defined in the 
research. The study’s objective is to assess how different normalization 
methods impact the accuracy of ANNs and analyze the correlation 
effectiveness of each element using ANNs.

In summary, Fig. 2 offers a succinct and informative visual summary, 
enhancing comprehension of the data-driven analysis setup and under
scoring the importance of employing different normalization and cor
relation approaches in this study.

Fig. 2. The training procedure for the ANN methodology involving data 
normalization tools.
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3.8. Gathered data and evaluation

The research employed data obtained from a commercial building 
located in the southern region of Philadelphia, Pennsylvania, USA. The 
structure spans an area of around 6000 square meters and consists of 
three stories and a bottom floor. The building designated 40 % of its area 
for offices and 60 % for shared facilities, while implementing a sub- 
metering system to monitor electricity consumption in different cir
cuits. The dataset covered a period of 185 days, starting from August 
2013, and ending on April 2014. It contained detailed information on 
building occupancy and electricity use, recorded on an hourly basis.

The U.S. National Solar Radiation Database (NSRDB) was utilized to 
include local weather data (Laboratory, 2023). was utilized for this 
numerical analysis. The overall dataset were classified into only working 
days, enabling a thorough investigation of how plug load usage, indoor 
occupant rate and surrounding environment impacted electricity usage 
in various situations. The data for the LSTM model simulation was split 
between 90 days for training and 14 days for testing. The choice to 
disregard data from non-working days, such as weekends and holidays, 
was made due to the significant disparities in energy consumption pat
terns seen during these timeframes in comparison to weekdays. The 
LSTM models utilized input nodes including plug load data, indoor 
occupant rate, dry bulb temperature, specific humidity, global hori
zontal irradiance (GHI), and wind speed in order to forecast the energy 
usage of the commercial building in working days.

4. Results

This study presented various methodologies for evaluating the per
formance of different six normalization methods and the correlation 
between plug load statistics, building occupancy rates, and local mete
orological elements, and their influence on the real power usage of a 
commercial building over different seasons. The study utilized LSTM 
Neural Network algorithm to predict power usage patterns for a com
mercial building. The models underwent training using the dataset that 
included 185 business days or 4440 hours. The dataset incorporated 
many factors like as the building’s plug load value (kW), indoor 

occupancy ratio, and meteorological characteristics including Global 
Horizontal Irradiation (GHI) (W/m2), wind speed (m/s), dry bulb tem
perature (◦C), and specific humidity ratio (g/kg).

This research analyzed the precision and accuracy rates of the six 
data normalization methods, investigating the correlational impact 
factor of plug load, indoor occupancy ratio, and surrounding ambient 
meteorological conditions on the total electric usage in the building. 
Moreover, the utilization of LSTM technique facilitated the forecasting 
of extended-term electricity consumption by considering fluctuations in 
plug load, indoor occupant rates, and meteorological conditions. The 
models underwent training using 165 working days (equivalent to 
3960 hours) of data. Their performance was assessed by comparing the 
anticipated total electricity consumption with the actual observed 
values, using 20 working days (equivalent to 480 hours) of test data.

Concisely, the study assessed six normalization models in combina
tion with the LSTM method to forecast electrical energy usages in the 
commercial building on weekdays. All six normalization models 
exhibited precise predictions, however, the Min-Max, VSS, and Relative 
IQR normalization models displayed outstanding performance, show
casing superior accuracy (varying from 2.32 % to 18.44 %) and 
decreased error rates. Figs. 3 and 4 illustrate the predictive precision of 
the LSTM model, both when data normalization is used and when it is 
not. The results demonstrate a robust association between the projected 
values and the real values measured in both circumstances. The study’s 
primary results highlight that the Min-Max, VSS, and Relative IQR 
normalization approaches surpass raw data and alternative normalizing 
strategies regarding prediction accuracy when implemented in the LSTM 
model. When combined with the LSTM approach, the Min-Max, VSS, 
and IQR scalers provide distinct benefits in enhancing prediction accu
racy by reducing different error rates. By employing this normalizing 
technique, the forecasted interquartile range (IQR) is decreased, 
resulting in a narrower and better accurate prediction interval. Rescal
ing the data to a given range guarantees that the model’s predictive 
performance is limited to a shorter interval, hence improving the ac
curacy of representing prediction uncertainty. In addition, the Min-Max 
and IQR scaler help reduce the greatest and least error rates between 
projected and real values. Normalization strategies aim to equalize 

Fig. 3. Forecasting of electricity usages via the LSTM method in comparisons across six data normalization techniques, raw data and actual data.
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feature weights and enhance model generalization, resulting in reduced 
error magnitudes and more uniform and equitable predictions across 
various value points.

Normalizing the data enables the LSTM method to effectively 
manage differing feature size, resulting in enhanced analysis perfor
mance in comparison to utilizing raw data. The overarching findings 
from the study emphasize the critical role of data normalization tech
niques, specifically Min-Max, VSS, and IQR, as a vital preprocessing step 
to augment the predictive abilities of the LSTM algorithm. In direct 
contrast to utilizing raw data, the incorporation of normalization 
methods confers a distinct advantage, showcasing the ability to generate 
predictions that are more accurate and reliable.

Table 1 outlines the outcomes of average error rate, CVRMSE, and 
NMBE for the LSTM algorithm when applied to raw data and six distinct 
normalization models. Among these models, VSS normalization yielded 
the lowest average error rate (3.30). However, the relative interquartile 
normalization (IQR) demonstrated superior performance with the least 
CVRMSE (3.26) and NMBE (-0.14) values, showcasing its effectiveness 
in comparison to alternative ANN methodologies. Additionally, Min- 
Max normalization exhibited commendable performance in predicting 
electricity consumption (CVRMSE: 15.77, NMBE: − 0.72). Conversely, 
the LSTM metholdology with Mean and Gaussian normalization showed 
higher CVRMSE (180.08) and NMBE (8.22) values, as well as CVRMSE 
(295.04) and NMBE (-13.47) values in comparison to utilizing raw data 
value. Additionally the Z-score method also proved to be a viable option 
for predicting energy consumption using LSTM. Data normalization 
significantly influences the predictive accuracy of various ANN algo
rithms, with their efficacy contingent on the particular methodology and 
dataset types. These insights gleaned from Table 1 illustrates the benefits 
and drawbacks of employing these normalization methods to enhance 

prediction performance in energy consumption estimating across 
different normalization methods.

These results sought to assess the relationship among normalization 
techniques and these effects on power usage in an office building. The 
LSTM algorithm and six distinct normalization techniques were utilized 
to forecast electricity usage patterns. These results indicate that the 
LSTM method utilizing the normalization methods, Min-Max and IQR 
demonstrates superior prediction performance relative to alternative 
normalization techniques and the use of raw data. This study selected 
two effective data normalization method, Min-Max and IQR to analyze 
the correlation and impact each average input element.

Figs. 5 and 10 illustrate the correlation impact factor (CIF) of each 
average input element when its value is artificially increased and 
decreased by 5 %, affecting electricity consumption in a commercial 
structure. The CIF computation involves adjusting testing values by 
± 5 % after ANN training to create artificial test data. This variation 
represents each parameter’s influence, assuming a linear relationship. 
The modified outcomes are then compared to the actual results using the 
original test data as a reference. The CIF value is calculated by analyzing 
the magnitude of variation in the predicted data, providing a measure of 
each parameter’s impact on overall electricity usage.

The findings are derived from LSTM prediction methods that incor
porate two normalization techniques: Min-Max and IQR normalization, 
together with raw data. The examination considers seasonal variations, 
such as spring and fall, summer, and winter. Plug loads were the main 
drivers of electricity consumption in all seasons according to both 
normalization methods selected and raw data, as detected by LSTM al
gorithm. Temperature and humidity ratio had considerable effects on 
power use, especially during intermediate and summer seasons, 
compared to other climate parameters. Occupancy ratio affected energy 

Fig. 4. Error rates of the LSTM algorithm utilizing six distinct normalization techniques and raw data.

Table 1 
Evaluation of LSTM performance utilizing raw data versus six data normalization techniques.

ANN method Average error rates, %

​ Raw Min-Max Mean Z-score Gaussian VSS IQR
LSTM 10.21 3.91 − 6.31 6.75 21.74 3.30 4.43
​ CVRMSE, %
​ Raw Min-Max Mean Z-score Gaussian VSS IQR
LSTM 119.93 15.77 180.08 16.44 295.04 20.30 3.26
​ NMBE, %
​ Raw Min-Max Mean Z-score Gaussian VSS IQR
LSTM − 5.47 − 0.72 8.22 0.751 − 13.47 0.93 − 0.14
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usage in the intermediate season, whereas solar irradiance had a sig
nificant effect in the summer season. Wind speed has little impact on 
electricity use in any seasons. Comparing pairs of figures, such as Fig. 5
and Fig. 6, Fig. 7 and Fig. 8, and Fig. 9 and Fig. 10, these are presented 
that the correlation impact factor patterns exhibited similarities 
following a 5 % increase and decrease in value during seasonal changes, 
albeit at varying rates. The normalization methods played a crucial role, 
showcasing different values in correlation impact factors, with a more 
pronounced sensitivity observed after a 5 % decrease in value during the 
intermediate season. During the winter season, electricity consumption 
remained unaffected by climate variations, as the central heating system 
with a gas boiler mitigated the impact of cold climates. Notably, plug 
loads were the primary influencing factor on results during this season. 
Conversely, in the summer season, the use of all-air ventilation system 
and chiller for cooling and dehumidification played a significant role in 
electricity consumption. These systems were major contributors to 
actual electricity consumption during warmer months. Previous studies 
have indicated that plug loads are closely linked to occupancy patterns 
[62–64]. We project that the plug load mainly mirrors both the indoor 
occupant rate and overall electric usage in the commercial building. 
Consequently, the tangible influence of the occupant number is 
considered to be less significant than that of plug loads.

Moreover, the directional effect of the correlation impact factor 
values becomes apparent when analyzing a 5 % increase and decrease in 
value throughout seasonal variations with the LSTM model. These fac
tors lack symmetry. A notable finding from this research is the capacity 
to predict how varied in these input parameters can impact the di
rections of energy usage in a building. It aids in determining which 
aspect can have a greater or lesser impact on the results. This study 
effectively demonstrated how data normalization approaches impact 
electricity usage forecasting with LSTM algorithm. However this study 
found some limitations that need to be investigated in future studies. 
The selection of a single commercial building for data gathering not 
adequately reflect the wide variety of building usages and commercial 
occupant patterns in the United States. Variations in meteorological 
circumstance, tenant pattern, plug loads, and thermal comfort may 
result in varying prediction and error rates when predicting energy 

usage for different types of buildings. Subsequent research should 
incorporate data from a broader range of construction types to improve 
the applicability of forecasting methodology using different standardi
zation techniques. Furthermore, while the LSTM model used in this 
study showed promising outcomes, there are additional sophisticated 
Artificial Neural Network algorithms that can improve prediction ac
curacy even further. Studying the effectiveness of various Artificial 
Neural Network algorithms alongside different normalization tech
niques could provide useful insights for enhancing the accuracy of en
ergy usage estimation jobs. Today advancements in normalization 
approaches should be examined to assess this influence on forecasting 
performance. Testing forecast models using data normalization tech
niques on external datasets or undertaking extended monitoring in 
actual energy usage situations may offer a better thorough assessment of 
the methodologies’ analysis across various environment. However, 
constraint of the results is that the choice of a technique for converting 
input variables is strongly determined by the characteristics of those 
variables. Moreover, the procedure of converting unprocessed data may 
lead to a decrease in the quantity of information preserved from the 
initial dataset.

This research mainly contributed to applicating the influence of data 
normalization methods on predicting electricity usage utilizing LSTM 
model and six normalization methods. Future research can focus on 
addressing limitations and improving prediction accuracy and model 
generalizability.

5. Conclusion

This research emphasizes the innovative enhanced assessment 
techniques to analyze the effectiveness of six data normalization meth
odologies employing the LSTM algorithm on power usages forecasting in 
a typical commercial building in the United State America. The research 
examined the relationship between various data normalization tech
niques and their integration with LSTM algorithms for the electricity 
usages in the commercial building. The LSTM methodology was con
structed utilizing input nodes from metrological data (solar irradiance, 
wind velocity, ambient dry bulb temperature, and specific humidity), 

Fig. 5. The average correlation impact factors of various input elements after a 5 % increase in value during the spring and fall seasons, employing the LSTM al
gorithm with two normalization techniques and raw data.

Fig. 6. The average correlation impact factors of various input elements after a 5 % decrease in value during the spring and fall seasons, employing the LSTM 
algorithm with two normalization techniques and raw data.
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plug load data and occupant numbers. The model was subsequently 
assessed utilizing six different data standardization techniques: 
Minimum-Maximum, Mean value, Z-score, Gaussian normalization, VSS 
and IQR, over both a learning process and a test dataset. This research 
compares the performance of the LSTM algorithm using raw data and six 
normalization methods. VSS normalization achieved the lowest average 

error rate (3.30), while IQR normalization performed best overall with 
the lowest CVRMSE (3.26) and NMBE (-0.14). Min-Max normalization 
also showed strong results. In contrast, Mean and Gaussian normaliza
tions resulted in significantly higher errors than using raw data. Data 
normalization techniques significantly impact this predictive analysis of 
the LSTM algorithm with its impact varying based on the particular 

Fig. 7. The average correlation impact factors of various input elements after a 5 % increase in value during the summer seasons, employing the LSTM algorithm 
with two normalization techniques and raw data.

Fig. 8. The average correlation impact factors of various input elements after a 5 % decrease in value during the summer seasons, employing the LSTM algorithm 
with two normalization methods and raw data.

Fig. 9. The average correlation impact factors of various input elements after a 5 % increase in value during the winter seasons, employing the LSTM algorithm with 
two normalization techniques and raw data.

Fig. 10. The average correlation impact factors of various input elements after a 5 % decrease in value during the winter seasons, employing the LSTM algorithm 
with two normalization techniques and raw data.
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methodology and dataset utilized. The results highlight the need of 
choosing suitable normalization techniques tailored to particular use 
and the balance between enhanced efficiency and computational 
difficulty.

This study represents the correlation impact factor each average 
input element which has a 5 % increased and decreased in value effec
tiveness on the usage of electricity in the commercial building using the 
LSTM algorithm with two effective normalization methods, Min-Max 
and IQR normalization as well as raw data. The assessments are con
ducted in the context of seasonal variations, including spring and fall, 
summer, and winter seasons. The plug load data mainly influenced on 
the total usage of electricity in two major normalization methods and 
raw data with LSTM algorithms across seasons, and both primary fea
tures: dry bulb temperature and specific humidity, exerted notable effect 
on the actual energy power usage in intermediate and summer seasons 
compared with other climates elements. The occupancy ratio had in
fluences on the energy usage in intermediate season and the solar irra
diance had specially impacted on summer season, however wind speed 
did rarely influence on the total energy consumption in all seasons. The 
correlation impact factor patterns presented similarities after a 5 % in
crease and decrease in value during the seasonal changes but not same 
rates. Depending on the normalization methods, the correlation impact 
factors presented different values, and the factors varied more sensi
tively after a 5 % decrease in value in intermediate season. The proposed 
the LSTM model and normalization techniques were effective in fore
casting prolonged electricity usages and presenting correlation impact 
factors in different input elements in built environments. The results 
provide deeper understanding of building energy performance assess
ment and could be utilized to evaluate the effectiveness of various 
normalization techniques and artificial neural networks algorithms for 
particular building elements and dataset categories. Subsequent study 
may improve prediction accuracy by incorporating new input variables 
and investigating better optimal combinations of ANN algorithms with 
particular normalization techniques. To sum up, the research provides 
an extensive examination of the influence of normalization techniques 
on energy usage prediction using LSTM model, offering significant in
sights with enhanced analysis assessment using correlation impact 
values for further studies for prediction of building energy usage and 
evaluating of system performances. Nevertheless, the results lack the 
potential to be utilized across a wider dataset array. Hence, it is crucial 
to collect more data and evaluate performance using different algo
rithms and normalization techniques in order to broaden the scope of 
the assessment for future works.
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