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Abstract

Most electric energy consumption in the building sector is provided by fossil fuels, leading
to high greenhouse gas emissions. However, the increasing need for sustainable infras-
tructure has triggered a significant trend toward smart buildings, which enable optimal
and efficient resource usage. In this context, accurate mid-term energy load forecasting is
crucial for energy management. This study proposes a hybrid forecasting model obtained
through the combination of machine learning (ML) and deep learning (DL) approaches
designed to enhance forecasting accuracy at an hourly granularity. The hybrid two-layer
architecture first investigates the model’s performance individually, such as decision tree
(DT), random forest (RF), support vector regression (SVR), Extreme Gradient Boosting
(XGBoost), FireNet, and long short-term memory (LSTM), and then combines them to
leverage their complementary strengths in a two-layer hybrid design. The performance of
these models is assessed on smart building energy datasets with weather data, and their
accuracy is measured through performance metrics such as mean squared error (MSE),
root mean squared error (RMSE), and R-squared (R2). The collected results show that
the XGBoost outperformed other ML models. However, the hybrid model obtained by
combining FireNet and XGBoost models delivers the highest overall accuracy for the per-
formance parameters. These findings highlight the effectiveness of hybrid models in terms
of prediction accuracy. This research contributes to reliable energy forecasting and supports
environmentally sustainable practices.

Keywords: mid-term load forecasting (MTLF); smart building; machine learning (ML);
deep learning (DL); hybrid models

1. Introduction
The expansion of the urban population and rising living standards have significantly

increased energy consumption and shifted demand patterns, placing substantial stress on
conventional energy infrastructure [1,2]. According to the International Energy Agency
(IEA), buildings account for about 38% of total energy use in urban settings and about 40%
of carbon emissions [3]. Globally, the building sector accounts for roughly one-third of
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energy consumption and one-quarter of CO2 emissions, These figures highlight the sector’s
energy intensity and its considerable influence on global greenhouse gas (GHG) emissions.

The intensive use of fossil fuels and their environmental impacts have contributed to
climate extremes in recent years, prompting the scientific community to pursue environ-
mentally friendly technologies [4,5]. The adoption of renewable energy, particularly solar
and wind, has underpinned the transition toward a sustainable future [6]. However, the in-
termittent nature of these sources, together with the need for robust forecasting to ensure
power-system stability [7], poses tangible challenges for grid operators. In this context,
accurate and timely forecasting of building energy consumption is essential for grid relia-
bility, optimizing resource use, and minimizing both operational costs and environmental
impacts [8].

Energy forecasting in buildings enables informed decisions on energy procurement,
load balancing, and demand-side management [9,10]. Because historical operational data
are lacking at new construction sites, simulations are commonly used; for existing buildings,
data-driven methods offer faster and more accurate predictions. Traditional statistical
methods such as autoregressive integrated moving average (ARIMA) and linear regression
have served as baselines, but their limited capacity to model nonlinearity often hampers
performance, especially in complex environments. By contrast, machine learning (ML) and
deep learning (DL) algorithms offer powerful alternatives that handle high-dimensional,
non-linear datasets with greater accuracy and adaptability [11]. Research findings highlight
the growing importance of intelligent energy forecasting systems that exploit weather data
(e.g., temperature, humidity, and solar irradiance) to enhance forecasting accuracy [12].
Indeed, weather variables play a key role in building energy performance, and their
inclusion in forecasting algorithms can yield 15–30% savings compared with deterministic,
non-weather sensitive approaches. Smart metering systems and the Internet of Things (IoT)
are recent developments that enable more efficient energy management [13]. Continuous
data acquisition provided by smart metering systems enables forecasting models to learn
from dynamic consumption behavior and environmental conditions in near real-time [14].
This capability supports user-centric operation and cost-effective solutions, both of which
are pivotal for a sustainable future.

Despite these advancements, challenges remain in model generalization, data hetero-
geneity, and effective feature selection factors critical for deploying scalable, transferable
solutions. A variety of ML and DL techniques have been explored for building energy
forecasting. In particular, random forest (RF), support vector regression (SVR), artificial
neural networks (ANNs), and extreme learning machines (ELM) are common ML algo-
rithms, while convolutional neural networks (CNNs), long short-term memory (LSTM)
networks, and hybrid architectures are gaining attention in the DL domain [15–18]. A brief
introduction to these techniques is provided in Section 2. However, many existing stud-
ies are restricted to specific regions and lack reproducibility across different climates or
structural configurations. Moreover, most available literature focuses on short-term pre-
diction, where the restricted forecasting horizon (e.g., 24 h) limits flexibility for energy
management applications.

In this work, we develop a scalable data-driven framework for forecasting building
energy consumption using ML, DL, and hybrid models. The methodology is applied to
a smart, multi-story commercial building that uses both conventional grid electricity and
on-site solar energy. Electrical power consumption data were collected using smart circuit
breakers and communication devices integrated with a cloud infrastructure. Additionally,
meteorological data including temperature, irradiance, wind speed, and humidity were
sourced from NASA’s POWER database [19] and synchronized with the energy records
to capture environmental dependencies. Feature selection was guided by correlation
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analysis, and multiple ML and DL algorithms were implemented and compared using
standard performance metrics, including measures of computational efficiency. Unlike
most prior studies that focus on short-term horizons or single-method approaches, this
study introduces a hybrid framework that integrates ML and DL models to improve mid-
term, hourly forecasting accuracy. The inclusion of both building consumption and weather
variables, applied to a smart building with integrated renewable energy, reinforces the
originality and practical relevance of the proposed approach.

Key features of the proposed methodology are the following:

1. The capability to model building energy consumption based on grid power.
2. Integration of high-resolution energy and meteorological data.

The objective of this study is to develop and evaluate a scalable hybrid forecasting
framework that integrates ML and DL algorithms for mid-term, hourly energy load predic-
tion in smart buildings. The analysis considers fundamental variables such as electrical
consumption data, meteorological factors (temperature, irradiance, wind speed, humidity),
and standard performance indicators (MSE, RMSE, R2). By explicitly incorporating these
variables, the study provides a comprehensive evaluation of forecasting accuracy and
practical utility in sustainable energy management.

The paper is structured as follows. Section 2 reviews related literature on energy
forecasting using ML, DL, and hybrid techniques, highlighting key methodologies and
research gaps. Section 3 outlines the proposed method, including data acquisition, feature
selection, hyper-parameter tuning, cross-validation, and model development strategies.
Section 4 presents simulation results, comparing individual ML/DL models and hybrid
approaches across several evaluation metrics. Section 5 concludes with key findings.

2. Literature Review
Given their dominant share in energy use and emissions, buildings have become

a primary focus in the development of sustainable and intelligent energy systems [20].
As energy efficiency becomes a global priority, accurate energy demand forecasting is
essential not only for optimizing management strategies but also for reducing operational
costs and enhancing environmental outcomes.

For existing buildings with time-series energy data, ML techniques have demonstrated
reliable performance in consumption forecasting, effectively capturing non-linearities and
variable interactions. Using daily data granularity with RF and SVR has been shown to
improve accuracy compared with weekly aggregation [21]. Comparative studies further re-
port that ensemble approaches generally outperform individual models such as ANN, SVR,
CART, LR, and SARIMA [22]. The importance of selecting an appropriate forecasting model
is emphasized in [23]; common ML choices include RF, ELM, and SVR, as summarized in
Table 1. In addition to model selection, recent studies highlight that prediction accuracy is
strongly influenced by combining multiple data sources. Historical load, meteorological
variables, temporal features (e.g., hour, weekday, season), and occupancy information
together form robust feature sets for learning.

DL methods, including LSTM networks and CNNs, show strong potential for model-
ing complex temporal dependencies in energy data, particularly when large-scale datasets
and long sequential patterns are available. LSTM has been applied to long-term building
load forecasting by leveraging periodic usage patterns [24], while CNN-based architectures
such as FireNet achieved high accuracy when incorporating environmental parameters
like weather [25]. As summarized in Table 1, DNN and CNN-LSTM models have also
been deployed in contexts such as university campuses and benchmark datasets [26], yield-
ing accurate results when trained with weather, occupancy, and power-related features.
A wavelet–neural network approach reduced prediction errors and improved energy effi-
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ciency (8%) while accurately forecasting CO2 emissions, underscoring machine learning’s
role in smart building management [27].

Hybrid models that combine ML and DL techniques, or multiple DL layers, have
emerged as robust forecasting solutions. For instance, the RF–IPWOA–ELM model inte-
grates RF for feature selection, the Improved Parallel Whale Optimization Algorithm
(IPWOA) for hyper-parameter tuning, and ELM for prediction, achieving up to 25%
improvements over DT and 5.5% over SVR in cooling-load forecasting [28]. Similarly,
CNN–LSTM frameworks predict residential energy consumption by combining CNN lay-
ers for spatial feature extraction with LSTM layers for temporal dynamics [29]. Other
combinations, including LSTM–XGBoost and LSTM–RF, have also been adopted to jointly
capture long-term temporal dependencies and non-linear feature interactions, yielding
superior accuracy in mid-term forecasting tasks [30]. A hybrid deep learning model in-
tegrating CNN, Bi-LSTM, GNN, and Transformer with a Fusion Layer enhanced feature
extraction, temporal and spatial learning, and attention-based trend detection, leading
to more accurate energy load forecasting for smart cities [31]. An advanced electrical
load forecasting framework combining improved feature extraction method, and a hybrid
ANN–LSTM model has been proposed. This model achieves more accurate and robust
forecasts, supporting effective energy management and planning [32]. Recent literature
further highlights that the effectiveness of such hybrid frameworks depends not only on the
learning architecture but also on the integration of diverse features, where historical load is
combined with meteorological and temporal inputs to strengthen forecasting performance.

Recent literature also highlights the integration of emerging deep learning paradigms
such as transfer learning and attention mechanisms, which are reshaping forecasting
strategies for energy prediction tasks. Transfer learning has shown particular promise
for adapting models across buildings with varying characteristics or limited data avail-
ability. For instance, ref. [33] proposed a multi-source transfer learning approach with
LSTM and domain adaptation, enabling cross-building knowledge transfer and improved
generalization performance. Attention-based methods are also gaining momentum for their
ability to emphasize temporally significant inputs. In this context, ref. [34] developed an
attention-enhanced sequence-to-sequence model that incorporates transfer learning to fore-
cast building energy consumption under diverse climatic and regional settings. Similarly,
ref. [35] conducted a systematic review of DL-based forecasting models, noting the increas-
ing use of attention layers and hybrid deep neural networks to enhance interpretability and
performance in complex urban energy systems. These advancements reinforce the shift to-
ward modular, intelligent forecasting architectures that are both data-efficient and scalable,
making them highly suitable for deployment in real-world smart building scenarios.

Table 1 shows the trend toward hybrid architectures, including techniques like kernel-
based convolutional neural network (KCNN)–LSTM and model stacking, which demon-
strates a growing emphasis on combining spatial, temporal, and contextual features for
enhanced predictive performance.

Existing research on energy load forecasting has mainly concentrated on either short-
term predictions, such as day-ahead forecasting, or long-term trends, while often neglecting
the mid-term range, especially weekly to monthly forecasting at hourly resolution. This
mid-term focus is important for effective planning in decentralized energy systems [21].
Many previous studies also use limited input features, usually relying only on past energy
usage and basic weather data, without including more detailed factors like holidays,
seasons, building schedules, or occupancy information [26]. Although some hybrid models
combining machine learning (ML) and deep learning (DL) have been explored, few are
designed to handle both long-term patterns and complex data interactions. In addition,
these models are rarely compared with strong single-model baselines, which limits the
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ability to evaluate their true performance [29]. Another key issue is how these models
are validated. Many studies still use random k-fold cross-validation, which can lead to
information leakage across time and give overly optimistic results [36].

Table 1. Review of ML, DL, and hybrid techniques in load forecasting, highlighting gaps in feature
sets and forecast horizons.

Ref. Dataset Frequency Features Models Key Findings Limitations

[21] Educational buildings Hourly Energy usage behavior RF, RT, SVR

ML methods provide
accurate hourly
forecasts in
educational buildings.

Restricted to two
buildings; no DL/hybrid
comparison.

[22] Residential smart grid Daily Usage patterns ANN, SVR, CART, LR,
SARIMA

Comparative daily
forecasting shows ML
superiority over
statistical models.

Daily horizon only;
potential
over-fitting issues.

[26] University campus Hourly Operations, HVAC DNN, RF, SVM, GBT
DNN with engineered
HVAC features
improves accuracy.

Relies on engineered
HVAC variables; no
hybrid approaches.

[28] Commercial buildings Hourly, Monthly Cooling load factors RF, IPWOA, ELM

Hybrid
RF–IPWOA–ELM
enhances cooling
load prediction.

Focused only on cooling
load;
limited generalization.

[29] UCI Repository Hourly Voltage,
occupancy, power CNN–LSTM

CNN–LSTM
outperforms classical
baselines in smart
meter data.

Based on a single
household; no
weather variables.

[30] Residential buildings Yearly Weather,
occupancy, design

ANN, DNN, RF,
KNN, SVM

DNN provides robust
performance for annual
load forecasting.

Annual horizon; lacks
short/medium-term
forecasting detail.

[37] Utility data Hourly Weather +
power demand RF

RF achieves low
day-ahead
forecast errors.

System-level forecasting;
not building-specific.

[36] Cooling load data Hourly Env. factors, occupancy SVR
SVR with environmental
variables enhances
prediction accuracy.

Limited to summer
season; one office
building only.

[38] Hospital energy data Daily Load consumption XGBoost, RF

Ensemble methods
outperform individual
learners for
hospital load.

No DL or hybrid
models tested.

[39] Mixed datasets Hourly Usage and weather SVR, LSTM
SVR achieves
comparable or better
results than LSTM.

Narrow scope of hybrid
testing; dataset hetero-
geneity challenges.

[40] Commercial building 15-min Timestamp + load KCNN–LSTM
Combining clustering
with DL improves
short-term forecasts.

Limited exogenous
features;
scalability uncertain.

[33] Multiple building types
(Japan) Hourly Historical load, weather

LSTM + Multi-source
Transfer Learning
(MK-MMD)

Multi-source domain
adaptation improves
performance vs.
single-source transfer.

Requires domain
similarity;
complex setup.

[34] Green buildings (China) Daily Historical consumption,
temp., humidity

Seq2Seq + Attention +
Transfer Learning

Attention-guided TL
model forecasts
accurately across
climate zones.

Model needs careful
tuning; limited to
similar use cases.

Also, most research does not test model performance across different seasons or
building types, making it hard to apply the results in real-world settings [37]. Most
evaluations focus only on basic accuracy metrics like RMSE or MAPE, while ignoring
important factors such as uncertainty in predictions, how fast the model runs, or how often
it needs retraining [28]. More recent studies have started to address some of these challenges
by using transfer learning and attention mechanisms to improve model adaptability and
accuracy [33,34]. These techniques help models work well across different buildings and
focus on the most important parts of the data. However, their use in mid-term forecasting at
hourly resolution is still limited, which supports the need for the hybrid approach proposed
in this work.
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To address these gaps, this study proposes a hybrid ML–DL framework that integrates
environmental, temporal, and operational features for mid-term hourly forecasting in smart
buildings. The approach is evaluated using robust, time-aware validation protocols and is
benchmarked against strong ML and DL baselines to demonstrate its practical relevance
and modeling advantages.

3. Methodology
3.1. Data Description and Analysis

The effectiveness of a forecasting system fundamentally depends on two primary
components: the integrity of the input data and the forecasting mechanism. Therefore,
a comprehensive approach to data collection and cleansing was implemented. Electrical
power consumption data were collected through intelligent circuit breakers, communication
devices, and a cloud database in a smart commercial building in Bergamo, Italy. The facility
covers approximately 30,000 m2 and integrates advanced energy management systems.
It includes multiple office spaces, laboratories, and production areas, accommodating
several hundred employees. The hourly electrical load data span a three-year period
from January 2021 to December 2023. Each yearly dataset consists of 8760 records (rows)
and 11 features (columns), including the timestamp and electrical parameters such as the
average, minimum, and maximum values of active power (PAvg, PMin, PMax), reactive
power (QAvg, QMin, QMax), and apparent power (SAvg, SMin, SMax). These values were
obtained through hourly measurements collected continuously over a 12-month period [41].
An example of the data structure is presented in Table 2.

Table 2. Sample records of linear power consumption parameters.

Date Time
PAvg PMin PMax QAvg QMin QMax SAvg SMin SMax
(kW) (kW) (kW) (kvar) (kvar) (kvar) (kVA) (kVA) (kVA)

1 January 2021 08:00:00 356 336 376 32 29 36 311 291 331
1 January 2021 09:00:00 345 324 373 30 26 33 300 279 328
1 January 2021 10:00:00 351 329 380 31 28 37 306 284 336
1 January 2021 11:00:00 357 334 387 33 29 37 312 289 343
1 January 2021 12:00:00 361 331 389 33 28 36 316 287 345

Table 3 illustrates a dataset with five entries of non-linear weather parameters for 2021,
namely beam irradiance (Gb(i)), diffuse irradiance (Gd(i)), sunshine duration (H_sun), air
temperature at 2 m (T2m), and wind speed at 10 m (WS10m). These data were sourced
from the NASA Prediction of Worldwide Energy Resource (POWER) [42], which provides
quality global meteorological and climate data appropriate for various research applications.
The weather data are notably valuable for examining the influence of meteorological aspects
on energy usage in smart commercial structures and estimating possible energy production.
Tables 2 and 3 were merged to synchronize time stamps, namely date, hour, day, month, and
year for each record. These datasets were employed for examination and determining how
changes occurred across the years. The dataset was split chronologically into training (70%),
validation (15%), and testing (15%) sets, without shuffling, to prevent temporal leakage.

The electrical load data is systematically organized by date and the seasonal index,
as presented in Table 4. This classification helps structure the data for identifying patterns
across different calendar scenarios and seasonal trends. The indexes represent standard
working days, typically Monday to Friday, excluding recognized public holidays. An addi-
tional index broadens the analysis to include weekends and holidays, thereby capturing
a more extensive range of consumption behaviors. Further indexes encompass statistical
aggregations of daily, weekly, and monthly averages, while also emphasizing the signif-
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icance of seasonal categorization. This methodical classification allows for a thorough
temporal segmentation, thereby enhancing the precision of modeling and analysis of load
patterns that are influenced by human activities and institutional timetables. Figure 1
illustrates active power-consumption patterns at four temporal resolutions (hourly, daily,
weekly, and monthly) captured from a smart commercial building. The analysis is based
on power consumption from the electrical grid, excluding on-site renewable generation.
These visualizations are essential for understanding energy consumption behavior and
identifying temporal patterns that inform the design of forecasting models. The daily
resolution plot reveals wide interquartile ranges and frequent outliers, indicating irregular
consumption, likely driven by operational anomalies or peak demand events. This variabil-
ity emphasizes the importance of forecasting frameworks capable of handling noise and
capturing outlier behavior. At the hourly resolution (Figure 1a), a clear diurnal load cycle
is evident, with demand increasing in the morning and peaking between mid-morning and
early afternoon.

Table 3. Sample records of non-linear weather data parameters.

Date Time Gb(i) Gd(i) H_sun T2m WS10m
(W/m2) (W/m2) (h) (°C) (m/s)

1 January 2021 08:00:00 56.005 43.800 8.39 −1.440 1.585
1 January 2021 09:00:00 103.139 75.933 14.83 1.100 0.997
1 January 2021 10:00:00 142.206 96.400 19.25 3.866 0.483
1 January 2021 11:00:00 186.007 93.733 21.20 4.933 0.593
1 January 2021 11:00:00 165.273 97.200 20.49 5.143 0.745

Following 16:00, consumption decreases sharply, reflecting reduced occupancy and op-
erational activity. Such granularity is critical for short-term load prediction tasks. Figure 1c
shows higher median loads on weekdays compared with weekends, a trend characteristic
of commercial operations. Week-to-week fluctuations may be attributed to external influ-
ences such as holidays, weather conditions, or partial building usage, which introduce
short-term non-stationarity into the data. The monthly resolution captures broader sea-
sonal trends, as shown in Figure 1d. Although overall consumption is relatively consistent,
some months show elevated averages, likely due to greater HVAC use or seasonal shifts in
operational intensity. Together, these multi-resolution visual insights provide a comprehen-
sive view of energy behavior across timescales. Incorporating such temporal diversity in
input features can enhance the adaptability and predictive power of ML and DL models in
energy forecasting. Two additional visualizations were created to further analyze power
consumption behavior across multiple temporal resolutions. Figure 2a displays hourly
power usage across the year 2023, highlighting significant intra-day and seasonal varia-
tions. Peak demands are especially noticeable during the mid-year months, likely driven by
increased cooling requirements in summer. This fine-grained view of hourly data is crucial
for capturing daily load cycles and informing real-time energy management decisions.
As illustrated in Figure 2b, daily, weekly, and monthly average consumption trends for 2023
are also presented to reflect different temporal perspectives. The line representing daily
averages exhibits high frequency fluctuations, capturing short-term variability. The weekly
average smooths these fluctuations, revealing medium-term behavioral consistency, while
the monthly average highlights broader seasonal trends. This layered averaging tech-
nique is valuable for distinguishing between transient and structural patterns in energy
demand. Together, Figure 2 provides a comprehensive view of energy usage dynamics,
serving as a foundational reference for the forecasting model’s design and effective load
management strategies.
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Figure 1. Time-based profiling of active power: (a) Hourly, (b) Daily, (c) Weekly, and (d) Monthly values.
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In Figure 3, forecasting process begins with the acquisition of hourly energy consump-
tion data alongside relevant meteorological variables. Preprocessing is then applied to
address missing values, construct informative features, and normalize the dataset. In the
modeling phase, both ML algorithms (XGBoost, RF, SVR, DT) and DL architectures (LSTM,
FireNet) are developed independently and in hybrid configurations. Performance evalua-
tion follows, utilizing standard metrics such as RMSE, MAPE, and R2 to identify the most
accurate and computationally efficient approach.

Importing necessary 

libraries/ modules in 

visual studio

Accessing 

meteorological 

data from web 

sources

1: Data Collection

2: Data Processing

Data handling and 

processing in work 

environnement 

(visual studio)

Identification of the 

missing data and 

removal of outliers

Creating a 

database for 

meteorological 

estimates

3: Model Development

ML Models

RF        DT

Xgboost SVR

Hybrid Models

LSTM - XGboost

LSTM - RF

4: Result & Performance Assessment 

Performance assessment 

of models (hourly data)

RMSE

R Squared

MAPE

MSE

Energy 

consumtion data 

collection

Feature Selection  (correlation matrix)

‣ Energy Management considering tariff,   

efficiency & sustainability

‣ Decision-making based upon available data

‣ Technical interventions 

Hyperparameter tuning and optimization 

(optuna)

DL Models 

LSTM

FireNet

Imputation methods by 

mean

Interquartile range 

selection for the outliers

Corrected timestamps

Cross-validation K-cluster method

Model training time evaluation 

Figure 3. Proposed methodology workflow for energy consumption forecasting.
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Table 4. Electrical load classification according to the index.

Index Electrical Load Classification

1 Original time-series data (unmodified raw observations).
2 Weekdays (Monday to Friday), excluding Holidays.
3 Weekend (Saturday and Sunday) and Holidays.
4 Statistical aggregation features: Daily, Weekly, and Monthly Averages.
5 Seasonal categorization into Winter, Spring, Summer, and Autumn.

3.2. Feature Selection

The correlation coefficient r is given by Equation (1), where xi and yi denote individual
values of variables x and y, respectively, and x̄, ȳ are their corresponding means [43].

r = ∑(xi − x̄)(yi − ȳ)√
∑(xi − x̄)2 ∑(yi − ȳ)2

(1)

This metric was applied to measure the strength of the relationship between each
input feature and the target variable Pavg, as well as to detect high intercorrelation among
variables. Figure 4 displays the Pearson correlation matrix heatmap for electrical and mete-
orological variables. Features showing strong correlation with the target variable, typically
ranging from 0.29 to 0.88, were retained. Highly correlated power features, including
P_Minimum, and P_Maximum, were considered redundant and consolidated into a single
representative: Pavg. Similarly, from the reactive and apparent power groups, only one
representative linear feature (Qavg) was selected to reduce model bias and the risk of over-
fitting. The non-linear features retained for modeling included meteorological variables
such as air temperature at 2 m (T2m), sunshine duration (H_sun), solar irradiance (Gb(i)
and Gd(i)), and wind speed at 10 m (WS10m). Wind speed exhibited a weak correlation
with the target variable and was excluded. This feature selection strategy balances model
complexity and generalization while maintaining computational efficiency.

Figure 4. Pearson correlation among energy and meteorological features.
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3.3. Machine Learning Models

RF is an ensemble learning technique that builds multiple decision trees using ran-
dom subsets of features and samples, then averages predictions. This approach enhances
stability and accuracy, especially for complex, non-linear problems. RF handles both cate-
gorical and continuous variables and includes a built-in feature-importance measure [44].
In energy forecasting, RF has been applied to load prediction and has outperformed several
conventional ML models in accuracy [45]. For example, in [21], RF was used to forecast
hourly energy consumption in buildings, demonstrating high accuracy and efficient pa-
rameter tuning. DTs, particularly Classification and Regression Trees (CART), form the
basis of many ensemble methods. They recursively split input data into branches and leaf
nodes that represent outcomes. DTs are interpretable and can effectively model non-linear
patterns, though they may over-fit to noisy data. As discussed in [46], ensemble strategies
such as RF and Gradient Boosted Trees (GBT) are commonly used to overcome this limi-
tation. DTs have also been used in hybrid models for energy forecasting tasks, including
short-term load prediction and fuzzy rule-based classification [47].

SVR is a supervised ML framework designed for regression tasks, where the target
variable is continuous rather than discrete. It estimates a regression function within a
margin of tolerance, using kernel functions to capture complex relationships in data [48].
This enables SVR to identify non-linear relationships while preserving the dimensionality of
the feature space. Furthermore, its capacity to mitigate over-fitting through regularization
enhances its robustness to datasets with noise or uncertainty [49]. XGBoost is a powerful
implementation of gradient boosting that sequentially adds weak learners to minimize
residual error [50]. It includes regularization to reduce over-fitting and can handle sparse
or missing data. XGBoost has been widely adopted in forecasting due to its speed and
accuracy. For example, it has been combined with Gaussian mixture clustering to capture
behavioral patterns in household energy forecasting [51].

3.4. Deep Learning Models

LSTM networks have emerged as powerful tools for time-series prediction tasks in
the energy domain due to their ability to learn long-range temporal dependencies. In this
study, the LSTM model is implemented as a baseline DL approach to forecast hourly energy
consumption patterns of a smart commercial building. The architecture employs multiple
hidden layers and memory cells, enabling the model to retain temporal context, essential
for capturing diurnal and weekly variations in power demand. The LSTM model is fine-
tuned using dropout regularization and a sequence-to-one prediction strategy to reduce
over-fitting and improve generalization on unseen hourly data.

The FireNet model [52] is a DL architecture composed of five convolutional layers,
each followed by max-pooling operations. Initially developed for image classification,
FireNet is here used for time-series forecasting of building energy consumption. This
adaptation leverages its hierarchical feature extraction capabilities to capture complex
temporal dependencies. The model processes sequential input data through successive
convolutional layers, each extracting temporal patterns at different scales. With 32 filters,
the first layer captures short-term fluctuations such as hourly demand spikes. The input
matrix is given by Equation (2), where T denotes the number of time steps, and C is the
number of input features.

Xinput ∈ RT×C (2)

The second layer (64 filters) identifies daily consumption cycles; the third (128 filters)
models multi-day trends; the fourth (256 filters) captures weekly patterns; and the fifth layer
(512 filters) detects long-range temporal dependencies, such as holidays or weather-driven
changes. Max-pooling and batch normalization follow each convolutional block to reduce
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temporal resolution and stabilize training. The architecture is detailed in Table 5. Each
convolutional block l ∈ {1, . . . , 5} performs the operation expressed through Equation (3):

F(l) = ReLU
(

W(l) ∗ I(l) + b(l)
)

(3)

where ∗ denotes the 1D convolution operator, W(l) ∈ Rk× fin× fout is the kernel with
size k (5 for blocks 1–2, and 3 for blocks 3–5), and fin, fout are input and output
channels, respectively.

Table 5. FireNet architecture for energy forecasting.

Block Filters Kernel Size Pool Size Output Shape

1 32 5 2 (T/2, 32)
2 64 5 2 (T/4, 64)
3 128 3 2 (T/8, 128)
4 256 3 2 (T/16, 256)
5 512 3 – (T/16, 512)

Max-pooling reduces the temporal dimension by selecting the maximum value within
a defined window. It is applied after each convolutional block to minimize complexity
while preserving key features in Equation (4):

P(l) = MaxPool
(

F(l), s = 2
)

, Tout =
Tin

2
(4)

where F(l) is the feature map at layer l, and s is the stride size (set to 2). The temporal output
length Tout and input length Tin is then given by indicating that the temporal resolution is
halved after pooling.

Batch normalization is used after pooling to normalize activations, improving training
stability. For a batch of activations, the transformation is obtained via Equation (5):

x̂ =
x − µ√
σ2 + ϵ

, B(l) = γ(l) · x̂(l) + β(l) (5)

where µ and σ2 are batch mean and variance, and ϵ ensures numerical stability. Learnable
parameters γ and β scale and shift the result, mitigating internal covariate shift and enabling
deeper architectures to converge effectively.

3.5. Hybrid Models

Hybrid approaches that combine the strengths of multiple algorithms, such as ML
and DL, have shown significant promise in improving forecasting performance for energy
consumption [53]. These hybrid designs illustrate the advantage of combining temporal
learning, feature selection, and ensemble principles, ultimately leading to more robust and
flexible forecasting frameworks across various building types and time horizons [54].

Recent research in the field of load forecasting demonstrates that hybrid imputation en-
hances forecasting performance and system reliability by effectively managing incomplete
sensor data [55].

In hybrid models, FireNet captures complex temporal dependencies, while XGBoost
and random forest handle structured data with strong generalization. Their hybrid inte-
gration combines these strengths: DL extracts temporal features, and ML interprets them
efficiently, reducing overfitting and improving robustness.
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3.6. Hyper-Parameter Optimization

Hyper-parameter tuning is crucial for enhancing the accuracy of ML and DL algo-
rithms. Hyper-parameters include things such as learning rate and regularization strength,
whereas the batch sizes are not learned from the data, but they are decided by design
before training. The choice of hyper-parameters may drastically affect the performance
of a model and its rate of convergence, as well as its capability of avoiding over-fitting.
Several hyper-parameter optimization methods are available and the most employed are
grid search, random search, Bayesian optimization, genetic algorithms, and Optuna [56].
Relying on an efficient sampling and the pruning mechanisms, the Optuna learns distinct
search spaces faster than the other hyper-parameter optimization methods, thus completing
the trials in fewer attempts.

Table 6 demonstrates the hyper-parameter ranges and optimal values for each model,
by optimization of Optuna. In this work, the Optuna was executed to identify the optimal
configuration for each algorithm, and the best-performing configuration was selected based
on its results. While performing multiple runs of the optimization could provide more
statistical information about model stability, this paper focuses on the best optimization
result, which is consistent with standard practice in comparable research.

Table 6. Hyper-parameter tuning of different models.

Model Parameter Range Optuna Value

Decision Tree

max_depth [10, 20, 30, 50, 100] 7
min_samples_split [2, 3, 5, 10] 10
min_samples_leaf [1, 5, 10] 8
criterion [mse, mae] mse
split_strategy [best, random] best

Random Forest

n_estimators [50, 100, 150, 200, 300] 80
max_depth [10, 30, 50, 70, 100, None] 13
min_samples_split [2, 3, 5, 10] 7
min_samples_leaf [1, 2, 3, 4, 5] 5
max_features [auto, sqrt, log2] sqrt
bootstrap [True, False] True

XGBoost

n_estimators [50, 300] 261
max_depth [3, 20] 4
learning_rate [0.01, 0.3] 0.051
subsample [0.5, 1.0] 0.949
colsample_bytree [0.5, 1.0] 0.813
gamma [0, 5] 3.704
reg_alpha [0, 5] 3.083
reg_lambda [0, 5] 3.442

SVR

C [0.1, 100] (log) 34.95
epsilon [0.001, 1.0] (log) 0.244
kernel [rbf, linear] rbf
gamma [scale, auto] auto

FireNet

filters [32, 64, 128] 64
dropout_rate [0.2, 0.5] (uniform) 0.2132
learning_rate [0.0005, 0.01] (log) 0.000507
batch_size [16, 32, 64] 64

LSTM

units [32, 50, 64] 32
dropout_rate [0.1, 0.5] (uniform) 0.285
learning_rate [0.0005, 0.01] (log) 0.007215
batch_size [16, 32, 64] 16
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3.7. Implementation Details

The proposed framework was experimentally evaluated with Python 3.10.11. Scikit-
learn 1.5.2, TensorFlow 2.18.0, and Keras 3.9.0. libraries were used for running ML and DL
models. The testing was performed on [specify hardware, e.g., Intel i7 CPU with 16 GB
RAM], ensuring reproducibility of results.

4. Experimental Results and Discussion
4.1. Machine Learning-Based Forecasting Results

The ML models evaluated include decision tree (DT), random forest (RF), XGBoost,
and support vector regression (SVR). Figure 5 compares actual power consumption with
predicted values generated by these models. As summarized in Table 7, XGBoost demon-
strated the highest predictive accuracy and computational efficiency, achieving the lowest
MSE (i.e., 518.5), RMSE (i.e., 22.77), and higher R2 score (i.e., 0.9010), with a training time
of only 0.051 s. RF also performed competitively, offering a strong balance between ac-
curacy and runtime, with slightly higher values of MSE, RMSE and lower R2 score (i.e.,
0.8992), and training time of 1.101 s. The DT model exhibited the fastest training time
(i.e., 0.0162 s), though it exhibited slightly lower accuracy, as reflected by the R2 score (i.e.,
0.8514). In contrast, SVR showed the weakest performance, recording the highest MSE,
RMSE, and the lowest R2 score (i.e., 0.7460), with a significantly higher runtime of 41.13 s.
These findings confirm that XGBoost and RF offer the most accurate and computationally
efficient solutions among the evaluated ML models.
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Figure 5. Forecasting performance of ML models. (a) DT. (b) RF. (c) XGBoost. (d) SVR.

Table 7. Forecasting performance metrics of ML models.

Model Training Time (s) MSE RMSE R2 Score MAPE (%)

DT 0.01620 778.2 27.90 0.8514 35.68
RF 1.101 527.7 22.97 0.8992 33.63
XGBoost 0.05100 518.5 22.77 0.9010 37.17
SVR 41.13 2111 45.95 0.7460 44.79

Figure 6 illustrates the comparison between actual and predicted energy consumption
over the final two months of 2023. Both XGBoost and RF closely align with the actual
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data, accurately capturing peaks, trends, and fluctuations. The DT model shows moderate
predictive ability but exhibits larger deviations from the true values. In contrast, SVR
consistently underestimates energy consumption and fails to reflect sharp variations. These
visual observations are consistent with the quantitative metrics discussed earlier, reinforcing
the superior forecasting performance of XGBoost and RF.
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Figure 6. Actual vs. predicted energy consumption for ML models.

4.2. Deep Learning-Based Forecasting Results

In terms of DL models, FireNet and LSTM are evaluated by assessing their ability to
capture non-linear patterns and temporal dependencies in the dataset. Figure 7 presents the
forecasting performance of both considered DL models. The outcomes of the comparative
analysis are listed in Table 8. Compared to LSTM, FireNet achieved stronger predictive
accuracy, particularly in modeling non-linear and temporal energy usage patterns. In fact,
FireNet is characterized by lower MSE (i.e., 923.5 against 1280), reduced RMSE (i.e., 30.39
against 35.78), smaller MAPE (i.e., 39.90% against 96.21%), along with higher R2 (i.e., 0.8237
against 0.7558). Considering the computational time, the FireNet is faster, requiring only
22.61 s, which is less than half of the time needed by the LSTM (46.97 s). In conclusion,
the FireNet model outperformed the LSTM model across all evaluated metrics, indicating
enhanced precision and computational effectiveness.
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Figure 7. Forecasting performance using DL models. (a) FireNet. (b) LSTM.

Table 8. Forecasting performance of DL models based on standard metrics.

Model Training Time (s) MSE RMSE R2 Score MAPE (%)

FireNet 22.61 923.5 30.39 0.8237 39.90
LSTM 46.97 1280 35.78 0.7558 96.21

In Figure 8, the actual energy consumption is compared against the forecasts delivered
by the selected DL models. As expected, FireNet’s forecasts closely align with actual values,
especially during peak periods, while LSTM predictions are noticeably overestimated in
case of peak demand periods.
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Figure 8. Actual vs. predicted energy consumption for DL models.

4.3. Hybrid Model Performance

Based on the previous results, XGBoost and RF are identified as the better performing
ML models, while FireNet ensures superior forecasting performance in terms of DL models.
Relying on these findings, two hybrid models are developed by combining the sequential
learning capabilities of FireNet with the predictive efficiency of ensemble-based ML models
(i.e., XGBoost and RF). In Figure 9, the energy consumption forecasts provided by both
hybrid models (i.e., FireNet–XGBoost and FireNet–RF) are shown, while the corresponding
key performance parameters are reported in Table 9. The FireNet–XGBoost hybrid model
demonstrated superior performance due to lower MSE (i.e., 350.2 against 418.4), reduced
RMSE (i.e., 18.71 against 20.45 ), smaller MAPE (i.e., 27.00% against 29.26%), along with
higher R2 (i.e., 0.9334 against 0.9205). On the other hand, the FireNet–RF hybrid model
required less computation time (i.e., 21.11 s against 33.69 s). Overall, the FireNet–XGBoost
model outperformed the FireNet–RF model across all evaluated metrics, indicating en-
hanced precision, except the computational effectiveness.
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Figure 9. Forecasting performance using hybrid models. (a) FireNet–XGBoost. (b) FireNet–RF.

Table 9. Forecasting performance of hybrid ML and DL models.

Model Training Time (s) MSE RMSE R2 MAPE (%)

FireNet-XGBoost 33.69 350.2 18.71 0.9334 27.00
FireNet-RF 21.11 418.4 20.45 0.9205 29.26

Figure 10 illustrates that the FireNet–XGBoost model closely follows actual energy
consumption patterns, particularly during peak demand periods, whereas the FireNet–RF
model tends to slightly overestimate energy usage across similar intervals.
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Figure 10. Actual vs. predicted energy consumption for hybrid models.

5. Conclusions and Future Directions
In this paper, the effectiveness of several ML, DL, and hybrid models was tested for

predicting the mid-term energy consumption in a smart commercial building. Although XG-
Boost was more robust than other ML techniques and FireNet managed to model non-linear
relationships among the variety of DL approaches, the proposed FireNet–XGBoost hybrid
demonstrated superior performance overall. This highlights the novelty of bridging the
two complementary strengths of ML and DL into a general framework, and moves beyond
existing studies which have traditionally relied on either approach alone.

The novelty of this study is to illustrating that a two-layer hybrid architecture can
improve the accuracies and robustness with hourly horizon to offer new experiences in
building energy prediction. The practical implications are considerable: more accurate
load forecasts can maximize the energy consumption, minimize operational costs, and en-
hance the reliability of the grid, contributing to the shift to a more sustainable intelligent
building operation.

The analysis was performed on data from a single smart building, which limits the
generalization of the findings. The emphasis on mid-term hourly prediction also misses
multi-source energy consumption data analysis or real-time dynamics. In future work,
to overcome these limitations, the dataset is planned to be extended to cover multiple
energy sources, to include further contextual variables, and to study real-time adaptive
forecasting strategies. In addition, the community-level prediction can be extended to
support cooperative energy management and demand response, as promising future work.
Lastly, we will explore advanced techniques like transfer learning and attention-based
architectures to improve scaling and generalization.
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