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Abstract: This research developed a predictive model using NeuralProphet to estimate
energy consumption in the ventilation system of a dairy cattle farm. The necessity for
energy management in livestock farming has increased due to the growing energy demands
associated with climate control systems. Approximately two years of historical energy
consumption data, collected through a smart monitoring system deployed on the farm,
were utilized as the primary input for the NeuralProphet model to predict long-term trends
and seasonal variations. The computational results demonstrated satisfactory performance,
achieving a coefficient of determination (R?) of 0.85 and a mean absolute error (MAE) of
27.47 kWh. The model effectively captured general trends and seasonal patterns, providing
valuable insights into energy usage under existing operational conditions. However,
short-term fluctuations were less accurately predicted due to the exclusion of exogenous
climatic variables, such as temperature and humidity. The proposed model demonstrated
superiority over traditional approaches in its capacity to forecast long-term energy demand,
providing critical support for energy management and strategic decision-making in dairy
farm operations.

Keywords: machine learning; energy efficiency; NeuralProphet; energy load forecast; cattle

1. Introduction
1.1. Current State-of-the-Art

Dairy farming is an energy-intensive sector within agriculture, particularly in main-
taining optimal environmental conditions for livestock welfare and productivity. During
the hotter months of the year, unsuitable microclimatic conditions can significantly impact
animal welfare. While natural ventilation is commonly employed in livestock production
for swine and poultry [1,2], dairy barns in the Mediterranean region are typically equipped
with mechanical ventilation systems [3-5]. This is primarily due to the fact that prolonged
exposure to elevated temperatures can have a negative effect on milk production, compro-
mise cow health, and decrease overall farm productivity. This is further exacerbated by
the increasing frequency and intensity of heat waves affecting the area, which contributes
significantly to increased energy consumption by ventilation systems.

Mechanical ventilation plays a critical role in facilitating heat dissipation from the
animals, thereby alleviating thermal stress and preventing declines in welfare, health,
and productivity [6]. A comprehensive evaluation of the effects of these systems has
been conducted, encompassing both natural and mechanical components, as well as the
frequency of utilization and the cost-effectiveness of its availability [7-9]. This increased
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energy demand highlights a critical area for efficiency improvements, particularly through
predictive systems that optimize energy use and reduce costs [10].

Food security, alongside animal welfare, constitutes one of the principal pillars of
precision livestock farming, especially in the face of environmental degradation and popu-
lation growth. In this context, the use of heating, ventilation, and air-conditioning (HVAC)
systems to maintain indoor thermal environments has become standard practice in livestock
operations to mitigate the adverse effects of heat stress. Elevated thermal stress, resulting
from sensitivity to the indoor thermal environment, can lead to reduced feed intake and
altered hormone secretion that promotes protein synthesis, thereby diminishing livestock
weight gain and feed efficiency [11,12].

Higher relative humidity complicates the regulation of body temperature, as elevated
humidity levels reduce sweat evaporation. Consequently, even at the same temperature,
the degree of heat stress may vary depending on humidity levels. The National Research
Council (NRC) introduced the Temperature-Humidity Index (THI) [13], which is based
on indoor air temperature and relative humidity, to quantitatively express thermal stress
in livestock. The THI facilitates the evaluation of thermal stress in indoor environments
by combining temperature and humidity factors through empirical equations. This index
is instrumental in quantitatively assessing environmental factors that impact livestock
health, productivity, and welfare, thereby playing a crucial role in establishing effective
environmental management and control strategies to enhance the indoor conditions of
livestock facilities [14].

However, studies related to facility device control methods that employ THI are
scarce, particularly regarding the management of indoor THI through the application
of HVAC systems. Conventional HVAC control in livestock buildings predominantly
relies on straightforward methods, often based solely on indoor THI thresholds. This
approach lacks the comprehensive use of advanced predictive models to optimize energy
consumption while maintaining optimal environmental conditions. Addressing this gap,
the present study explores the application of machine learning techniques to forecast
energy consumption in dairy farm ventilation systems, aiming to enhance efficiency and
sustainability in energy use.

1.2. Energy Demand in Dairy Farms

Dairy farms have a significant energy demand, primarily driven by the need for
milking, cooling milk, feeding livestock, and maintaining environmental controls. Overall,
in a livestock building not equipped with a ventilation system, most of the electricity
consumption is represented by the milking systems (between 20% and 25% of total yearly
electricity consumption), milk refrigeration (17-20%) and water heating (14-15%). Water
pumping, including irrigation, can represent about 12-13% of the electrical demand, while
12-14% is required for lighting and 3-4% for automatized animal brushing. Manure
removal calls for a fraction of 4-5% of energy assessed for slurry management, while the
remaining percentage is mainly related to minor operations. After the introduction of
ventilation systems, the energy demand can increase up to 40% [15-18]. In fact, milking
systems and milk cooling equipment are among the largest energy consumers, requiring
reliable electricity to ensure product quality and safety.

The efficient use of energy resources is a significant challenge in nearly all sectors,
particularly in the context of livestock farming. Ensuring sustainable food production
to meet growing demands while maintaining favorable environmental conditions for
future generations is imperative. The adoption of renewable energy sources offers a viable
solution to this issue; however, the availability of these resources is strongly influenced
by geographic location, climatic conditions, and other factors. Consequently, regardless
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of the energy source utilized, prioritizing the efficient use of energy remains paramount.
Modern technologies, including variable speed drives and energy-efficient lighting, also
play a crucial role in reducing energy consumption.

1.3. Applying IoT and Machine Learning for Energy Management Optimization

The recent integration of Internet of Things (IoT) technologies has significantly en-
hanced environmental monitoring within dairy barns, facilitating real-time and distributed
data collection at a substantially lower cost compared to traditional sensor systems. This
technological advancement has led to the widespread adoption of IoT solutions in dairy
farming operations, enabling continuous monitoring of critical parameters such as temper-
ature, humidity, and energy consumption. This detailed monitoring facilitates a compre-
hensive understanding of the variables relevant to farm management, including energy
consumption, and enables the identification of inefficiencies. Furthermore, the compre-
hensive datasets obtained can serve as essential inputs for predictive models aimed at
optimizing energy usage.

Concurrently, advancements in machine learning (ML) have catalyzed a paradigm
shift in predictive control for energy systems, transcending the limitations of conventional
control strategies [19,20]. By utilizing historical environmental data, predictive ML models
can accurately forecast energy demand and anticipate operational requirements with en-
hanced precision. Shine et al. [21] investigated the application of multiple linear regression
(MLR) to assess the impact of diverse factors on electricity and water consumption in dairy
farms. These factors include milk production, herd size, infrastructural equipment, man-
agerial procedures, and environmental conditions. Their analysis employed data collected
from 58 pasture-based Irish commercial dairy farms over three years (2014-2016) using
remote monitoring systems. The study demonstrated that electricity consumption could
be predicted with greater accuracy than water consumption, highlighting key predictors
such as milk production and the total number of dairy cows for electricity consumption.
Contemporaneously, Shine et al. [22] employed an SVM model trained on empirical data
from 56 dairy farms to predict and analyze annual electricity consumption across individual
farms. The SVM demonstrated strong predictive accuracy, achieving a relative prediction
error (RPE) of 10.4% for annual farm-level electricity consumption.

In their subsequent study, Shine et al. [23] evaluated the applicability of several
ML algorithms, including support vector machines, CART decision trees, random forest
ensembles, and artificial neural networks, to predict monthly electricity consumption in
dairy farms. Their approach entailed the employment of backward sequential variable
selection, a strategy designed to exclude variables that exhibited minimal predictive value.
In addition, they incorporated hyperparameter tuning and nested cross-validation to assess
the capability of each model in forecasting unseen electricity consumption. The study
further underscores the superior predictive accuracy of ML algorithms in comparison to
conventional statistical methods, such as MLR. This enhancement can be attributed to the
capacity of ML to model non-linear relationships and interactions among input variables,
thereby conferring greater flexibility in the presence of multicollinearity, non-standard
distributions, missing points, and complex patterns. These attributes render ML algorithms
particularly well-suited for energy demand forecasting in dairy farms, where input data
frequently exhibit such characteristics.

Sefeedpari et al. [24] developed an artificial neural network (ANN) model to assess
energy input-output relationships in Iranian dairy farms. The study utilized data collected
from 50 farms via a questionnaire-based approach and optimized an ANN model with
a single hidden layer containing 16 neurons, employing the Levenberg—-Marquardt train-
ing algorithm. This configuration demonstrated strong predictive performance, with a



Energies 2025, 18, 633

4of 16

coefficient of determination (R?) of 0.88 and a root mean square error (RMSE) of 0.015,
highlighting its accuracy in forecasting energy output from milk production systems. While
the ANN model effectively predicted energy consumption for individual dairy farms, its
application at a larger scale may require addressing challenges associated with the exten-
sive input variables necessary for accurate predictions, which may not always be readily
available without specialized monitoring equipment.

Moreover, Sefeedpari et al. [25] explored the potential of an adaptive neural-fuzzy
inference system (ANFIS) to model energy output based on fossil fuel and electricity
inputs. Utilizing data from 50 dairy farms in Tehran province, the study demonstrated
that the ANFIS model exhibited comparable accuracy to traditional linear regression, with
superior performance metrics across several error measurements, including the coefficient
of determination (R?), the root mean square error (RMSE), and the mean absolute percentage
error (MAPE). These findings further support the efficacy of advanced predictive models
in optimizing energy usage within dairy farm operations.

Time series forecasting models, such as NeuralProphet—an extension of the Prophet
model originally developed by Facebook—are particularly prominent due to their robust
ability to manage seasonality and trend components effectively [26]. These sophisticated
models enable the development of anticipatory control strategies, whereby ventilation
systems can dynamically adjust in response to forecasted environmental conditions. This
approach not only optimizes energy consumption by minimizing unnecessary usage but
also promotes animal welfare by maintaining optimal environmental conditions. Thus, the
synergy between IoT and ML technologies is pivotal in advancing control systems, leading
to more resilient and efficient energy management solutions in dairy farming.

The main objective of this research is to develop a predictive model for the energy con-
sumption of the ventilation system in a dairy cattle farm. The study employs NeuralProphet
as the modeling framework, utilizing approximately two years of historical data collected
through a smart monitoring system deployed on the farm. By leveraging the long-term
predictions provided by the NeuralProphet model, the study aims to estimate the behavior
of the target variable, thereby supporting informed administrative decision-making.

2. Materials and Methods
2.1. Description of the Case Study Farm

The dataset employed in this study was collected in a farm, strategically located in
San Pietro in Casale, Bologna, within the Emilia-Romagna region of Italy (coordinates:
44.716038° N, 11.451233° E; elevation: 10 m above sea level). The farm building spans
80.0 m in length and 42.32 m in width, featuring an architecturally sophisticated variable-
height roof. The roof height varies from 4.0 m at the building’s sides to a substantial 12.15 m
at the gable peak (Figure 1). This design is intentional, facilitating optimal ventilation and
airflow distribution throughout the facility, which is crucial for maintaining a stable and
comfortable indoor environment for the livestock. The variable-height structure aids in
mitigating heat accumulation, thereby reducing the reliance on mechanical ventilation
systems and enhancing overall energy efficiency. The ventilation system is currently
composed of 14 fans with horizontal axes operating along the two feeding lanes (i.e., 7 per
lane) and 10 fans with vertical axis distributed on two lines and placed over the resting
area. In the center of the barn there is a probe which measures, in real-time, temperature
and relative humidity, and, thanks to these measurements, realized every 1 min, the
instantaneous value THI can be calculated. Obviously, the value can be considered a
representative average value of the whole situation within the barn, and on the basis of this
value proper actions for the functioning of the ventilation system are taken.
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Figure 1. Layout of the livestock building.

2.2. Data Acquisition and Processing Framework

A monitoring system was implemented in the farm, and it is centered around a
Raspberry Pi 3 device, functioning as a gateway for continuous environmental data ac-
quisition. Through a Modbus/TCP connection, this gateway retrieves both the indoor
Temperature-Humidity Index (THI) measurements of the probe and the control signals from
a Programmable Logic Controller (PLC). The PLC applies a predefined control algorithm to
compute fan speed percentages, adjusting ventilation rates based on THI thresholds, which
are applied to the THI level obtained by the probe installed in the barn. Specifically, when
the THI surpasses a maximum limit, the fans operate at full capacity; if THI is below a
minimum threshold, the fans remain off; and, for intermediate THI values, the fan speed is
linearly interpolated between the minimum and maximum settings. This approach ensures
that the ventilation system dynamically responds to varying indoor conditions, thereby
aiming to reduce heat stress in dairy cattle and improve animal welfare.

Once collected, the THI values and corresponding fan speed percentages are packaged
and transmitted via a LoRaWAN communication protocol to a remote server. There,
the data are stored in an InfluxDB database, enabling robust long-term retention and
efficient querying of high-resolution time series information. A Grafana-based visualization
layer provides stakeholders with accessible, real-time dashboards for monitoring energy
consumption trends, environmental conditions, and system performance metrics. Figure 2
presents an overview of the smart monitoring system, illustrating the interaction among
farm-level components, data transmission protocols, and server-side data handling and
visualization tools.

Figure 3 showcases the time series of indoor THI measurements (top) alongside
the calculated fan speed percentages (bottom). The data confirm that THI values peak
during the summer months of June, July, and August (a period coinciding with the highest
environmental temperatures in Italy). Consequently, the control algorithm frequently sets
the ventilation system to operate near or at full capacity, mitigating potential heat stress
in the herd. In contrast, THI remains below the critical threshold (60) for the majority of
the other months, reflecting cooler indoor environments and minimal fan activity. From
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November to March, the ventilation fans are generally inactive, except for a notable instance
in December 2023, when unexpectedly high internal temperatures triggered the system.
This anomaly may be attributed to the gradual increase in global temperatures linked to
climate change, underscoring the importance of adaptive and predictive control strategies.

= -

@ influxdb 15 Grafana

Figure 2. Overview of the Monitoring System.

Fan Speed (%)

ES
(=}

Jan 2022
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Figure 3. Time series of indoor THI measurements (top) and corresponding fan speed percentages
(bottom).

2.3. Energy Load Analysis

Quantifying energy consumption from the calculated fan speed percentages involves
applying a proportional approach. Each fan in the system is rated at 0.75 kW. At any
given timestep, the percentage of maximum fan speed is used to determine the fraction
of the fan’s rated power currently being drawn. This value is then multiplied by the total
number of fans (30) to obtain the instantaneous power demand. By integrating these
values over time, we can determine the cumulative energy consumption, which amounts
to approximately 40,000 kWh per year, which is in line with the farm’s billing reports.

Figure 4 depicts the time series of computed energy consumption. Its trends and
seasonal patterns closely align with those observed in Figure 3, as the underlying con-
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trol algorithm directly correlates fan operational intensity with indoor THI fluctuations.
As all fans possess identical performance characteristics, the system’s collective energy
consumption is proportional to the aggregated fan speed signals. Consequently, periods
of elevated THI are associated with increased energy consumption, which highlights the
direct relationship between environmental conditions, ventilation response, and the farm’s
overall electrical load.
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Figure 4. Time Series of Estimated Energy Consumption.

To understand the underlying patterns influencing energy consumption, it is essential
to decompose the time series into its fundamental components—trend, seasonal, and resid-
ual elements. This study employs a well-established time series decomposition method
that applies an additive model over an annual cycle. By setting the period to one year, the
analysis assumes that the principal recurring patterns are linked to seasonal environmental
conditions. The selection of an additive model is justified not only by the comparatively
constant magnitude of seasonal fluctuations, but also by the presence of zero-value obser-
vations in the dataset, which limit the applicability of a multiplicative framework.

Figure 5 illustrates the seasonal decomposition of daily energy consumption, providing
critical insights into the structure and behavior of the time series data. The decomposition
is presented in four panels to differentiate between the original signal, underlying trend,
seasonality, and residuals. The first panel displays the original daily energy consumption
measurements, which combine short-term fluctuations with longer-term behavioral trends.
This signal captures both transient changes and overarching consumption dynamics across
the observation period. The second panel highlights the long-term trend component, which
reflects the baseline evolution of energy consumption. Specifically, between May and
November of each year, the trend demonstrates a linear growth pattern that is progressively
higher compared to the preceding year. This observation underscores a steady and con-
tinuous increase in energy consumption over time, likely driven by growing operational
demands of ventilation systems or incremental changes in farm infrastructure and manage-
ment practices. The third panel isolates the seasonal component, revealing a well-defined
annual cyclical pattern. Energy consumption peaks prominently during warmer periods,
which likely aligns with increased ventilation and cooling needs, while cooler periods
coincide with noticeable reductions in energy usage. This seasonal behavior reinforces
the critical role of environmental conditions in shaping the temporal variability of daily
energy demands. The pronounced seasonality aligns with expected patterns observed in
farms where temperature-driven ventilation systems account for a significant proportion
of overall energy usage.
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Figure 5. Seasonal Decomposition of Energy Consumption.

Finally, the bottom panel presents the residuals, representing the unexplained portion
of the data after accounting for both the trend and seasonal components. The residuals
remain relatively stable and moderate throughout the observed period, suggesting that the
decomposition effectively captures the dominant factors influencing energy consumption.
Nevertheless, certain fluctuations persist, attributable to stochastic variations in internal
environmental conditions within the farm. These variations are mainly influenced by
external environmental variables. It should be noted that these exogenous variables have
not been included in the current phase of the analysis, as the focus of this work is on the
analysis of energy consumption at a large-scale temporal resolution.

2.4. Development of the Predictive Model

NeuralProphet, an extension of the Prophet algorithm developed at Facebook, was
specifically designed for time series forecasting [26]. This model combines the strengths
of traditional statistical algorithms, such as ARIMA and GARCH, which are valued for
their mathematical interpretability, with the robust predictive power of neural network
models, which effectively capture complex patterns but often lack transparency. This hybrid
approach achieves a balance between the two, making it suitable for practical applications
where the rationale behind predictions is critical.

A feature that sets NeuralProphet apart from other models is its modular architecture.
This architecture allows the model to be built from distinct components, each of which
contributes additively to the overall forecast. These components can be adapted to scale
with the trend, introducing multiplicative effects that enhance the model’s adaptability to
varying data dynamics. Furthermore, NeuralProphet is capable of forecasting multiple
future time steps simultaneously, defined by the forecast horizon h. This capability enables
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the model to efficiently produce predictions over a defined time span, dynamically adjusting
to changes in input data, as expressed in Equation (1).

Gpk1 =T +k—1)+S(t+k—1)+E(t+k—1)+F(t+k—1)

FA(+k—T1)+L(t+k—1) Vke [1, ] (1)

where:

Jt+k—1 is the predicted value;

T: trend at time t;

S: seasonal effects at time t;

E: event holiday at time t;

F: regression effects at time t for future-known exogenous variables;
A: auto-regression effects at time t based on past observations;

L: regression effects at time t for lagged observations of exogenous variables.

The model was configured to reflect the temporal characteristics and specificities of the
data. However, it is important to note that, in the context of the present application, the E
component was not considered due to its lack of impact on the target variable. Conversely,
the F and L components, despite being elements that enhance the predictive model’s
performance, were not incorporated into this initial modeling approach. Yearly seasonality
was enabled to capture the pronounced annual fluctuations driven by climatic cycles and
their influence on ventilation demand. In contrast, both weekly and daily seasonality
were deactivated. This decision stemmed from the nature of the system’s control strategy,
which is threshold-based rather than following a strict daily or weekly routine, thereby
minimizing the risk of overfitting to transient patterns.

A total of 100 changepoints were set to allow the model to capture gradual and abrupt
shifts in the baseline trend over the extended observation period. This parameterization
accounts for potential regime changes, such as evolving management practices or variations
in external environmental conditions, while maintaining computational efficiency. Training
was performed with a batch size of 32 over 50 epochs, ensuring a balance between training
time and the ability of the model to generalize effectively.

No lagged terms (n_lags = 0) were introduced into the model. This choice directs
the model’s focus toward identifying long-term trends and seasonal dynamics rather
than short-term autocorrelations, thereby aligning the analysis with the broader temporal
structures inherent in energy expenditure data.

The seasonality regularization coefficient was set to 0.1, which moderates the model’s
ability to capture complex seasonal patterns and reduces the risk of overfitting to noise or
spurious seasonality. Additive annual seasonality was enabled (yearly_seasonality = True),
which allows seasonal effects to scale linearly with the underlying trend. This configuration
is consistent with the intuitive understanding that energy consumption patterns exhibit
annual fluctuations that add to the baseline consumption levels. Weekly and daily seasonality
components were excluded (weekly_seasonality = False; daily_seasonality = False), reflecting
the focus on capturing the dominant annual cycles relevant to agricultural energy demand.

A learning rate of 0.008 was chosen to ensure gradual parameter updates and to
promote stable convergence of the model during the training process. The adoption of a
linear growth model ensures that the baseline trend evolves in a steady and interpretable
manner over time. By configuring these parameters, the model emphasizes long-term
seasonal and trend dynamics, providing robust predictions of energy consumption patterns
while avoiding overfitting to short-term anomalies or noise.
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2.5. Training and Validation

The forecasting model was trained and validated by partitioning the dataset into two
subsets: the first 80% of the data was allocated for training, and the remaining 20% was
reserved for validation. This division was accomplished using an 80/20 time-based split
to preserve the chronological integrity of the data. During the training process, the model
parameters were iteratively adjusted to minimize forecast errors on the training set, while
the validation subset served as an independent benchmark to evaluate the generalization
capabilities of the model. NeuralProphet automatically calculates and stores several key
performance metrics as outputs of the fitting process. Two of the most commonly used
metrics in time series forecasting are mean absolute error (MAE), which measures the
average magnitude of the errors between the predicted values and the actual values
(Equation (2)) and Root Mean Squared Error (RMSE), which provides a measure of the
standard deviation of the residuals (prediction errors) (Equation (3)).

1¢ A
MAE = =} [yi — §il b))
i=1

RMSE = 3)

3. Results and Discussion

The proposed neural prophet model was trained, and its performance was evaluated
using the above-mentioned evaluation metrics (Table 1). The model demonstrated satis-
factory performance, with an MAE value of approximately 27.47 kWh and an RMSE of
around 38.2 kWh. This is notable, considering the average daily energy consumption is
approximately 127 kWh. The model’s predictions were found to be approximately 21% off,
on average, as indicated by the MAE value.

Table 1. Performance Metrics of the Trained NeuralProphet Model.

MAE RMSE Loss
27.4702 38.2081 0.0241

To further evaluate the predictive capabilities of the model, Figure 6 displays the
comparison between actual and forecasted energy consumption values on the validation
subset (from 1 January 2024, through 31 July 2024). In this visualization, the blue line
represents the observed data, while the orange line corresponds to the model’s forecasts.
Although the general trends are reasonably captured, the model’s predictions do not fully
replicate the short-term oscillations observed in the real data. This discrepancy can be
attributed to the model’s exclusive reliance on historical energy consumption patterns,
as no external environmental variables were included as exogenous inputs. Since fan
operation is highly sensitive to stochastic climate parameters (temperature and humidity
in particular) the absence of such information limits the model’s ability to capture abrupt
fluctuations in energy usage. Nevertheless, the calculated coefficient of determination
(R?) of 0.85 suggests that the predictions provide a satisfactory level of accuracy for this
specific application context where the environmental variables can drastically alter energy
consumption.

The findings of this study align with Sefeedpari et al. [24], who developed an ANN
model for energy consumption prediction in dairy farms and achieved a similar degree
of predictive accuracy, with an R? value of 0.88. While their model was customized for
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individual farms and incorporated a more extensive array of input variables, such as
infrastructure and herd size, the implementation of the Levenberg-Marquardt training
algorithm in their work ensured high performance; however, it necessitated specialized
data collection efforts. This tradeoff underscores the distinction between models like
NeuralProphet, which rely on minimal input features, and more complex frameworks that
necessitate extensive data acquisition.

Furthermore, the absence of exogenous inputs in this study mirrors the limitations
noted in Shine et al. [21], where multiple linear regression models also struggled to accu-
rately predict energy consumption without accounting for environmental variables such
as temperature and humidity. Conversely, Shine et al. [22] demonstrated the potential of
advanced ML algorithms, including SVM and random forests, which incorporated external
predictors to enhance forecasting precision. These findings underscore the potential for
enhancing the NeuralProphet model by integrating environmental data to account for the
dynamic and stochastic nature of energy usage in dairy farms.
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Figure 6. Actual vs. forecasted energy consumption on the 2024 validation subset.

3.1. Trend and Seasonality Forecast Analysis

In this segment, the long-term energy consumption forecasts produced by the Neural-
Prophet model are examined. This examination builds upon the data acquisition frame-
work, modeling methodologies, and validation approaches outlined in the preceding
sections. The analysis focuses on predictions spanning from August to December 2024
and extending throughout 2025. These forecasts offer critical insights into the anticipated
trajectory of energy demands, assuming the continuation of existing operational practices
and prevailing environmental conditions.

In order to analyze the underlying components of the forecast, the model’s results were
decomposed and visualized using the “plot_parameters” function. Figure 7, illustrating
the trend, trend rate change, and annual seasonality, offers insights into the anticipated
evolution of energy consumption patterns. The upper section of the figure illustrates
the long-term trend component, which demonstrates a progressive upward trajectory.
The initial phase, spanning from October 2021 to early 2022, is characterized by a slight
decline and stabilization in the trend, which is followed by a steady increase from mid-2022
onwards. A more pronounced increase is observed between mid-2023 and the forecast
horizon of 2024. This behavior is consistent with the previously identified seasonal and
operational patterns, reflecting the combined influence of environmental conditions and
facility demands.
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Figure 7. Forecast energy consumption components.

Moreover, during the colder months, the trend component exhibits brief periods of
stabilization, indicative of reduced energy demand. This is consistent with the earlier
analysis which highlighted decreased ventilation requirements during lower temperatures.
The middle section, representing the trend rate change, underscores these gradual shifts,
capturing both positive and negative variations that contribute to the overall trajectory.
Lastly, the annual seasonality component reveals a clear cyclical pattern, with higher energy
consumption consistently occurring between May and November. This seasonal behavior
aligns perfectly with the earlier findings, reinforcing the relationship between increased
ventilation demands and warmer periods.

The lower section of the figure offers insight into the annual seasonality component,
which evinces a discernible cyclical pattern. Energy consumption exhibits a predictable
seasonal variation, reaching its highest levels between May and November each year.
This seasonal peak coincides with periods of elevated ventilation demands during warmer
months, when environmental conditions necessitate increased energy usage for maintaining
optimal operational and animal welfare conditions. Conversely, energy demand declines
during the colder months, reflecting a natural reduction in cooling requirements. The
smooth and consistent shape of the seasonal curve demonstrates the model’s efficacy in
capturing this periodic behavior.

To support the interpretation of the model’s predictions, Figure 8 presents both the
observed time series used as training data and the forecasted values. In accordance with
the model’s identified seasonal and trend features, the forecast indicates a decline in energy
consumption for the rest of 2024, reaching near-zero levels in November. In contrast, the
model predicts an increase in energy consumption during the summer of 2025, with peak
values occurring between July and August. This is consistent with the observation that the
hottest months of the year in this hemisphere occur during this period.

It is important to note, however, that the forecasted series does not reproduce the
sub-annual seasonality with exact precision. This limitation is primarily attributed to the
absence of incorporation of variations in climatic parameters into the current model. In
order to achieve a more precise forecast, it would be necessary to incorporate predictive
models for climatic variables as exogenous inputs. This limitation will be addressed in
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future research activities, as the objective of this initial study was to focus on long-term
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Figure 8. Long-term energy consumption forecast.

3.2. Yearly Energy Consumption Analysis

Figure 9 presents a bar plot depicting the total energy consumed for the years
2022 to 2025, which is used to assess the yearly energy consumption trends. The mea-
sured values for 2022 (40,475 kWh), 2023 (40,909 kWh) and the actual energy consumption
up to the end of July 2024 (26,294 kWh) are indicated in light blue. Furthermore, the
anticipated energy consumption for the remaining months of 2024 was projected using the
predictive model, resulting in an estimated 17,700 kWh. This results in total forecasted
energy consumption for 2024 of 43,995 kWh. The predictive model indicates that energy
consumption will continue to increase in 2025, reaching 46,432 kWh. A blue trend line
superimposed on the bar plot illustrates the positive slope of the trend, which is consistent
with the previously analyzed long-term trajectory. This reinforces the observation of a
steady upward trend in yearly energy demand.

=®=Trend ™ Forecast ™ Real

2023 2024 2025

Figure 9. Bar plot of energy consumption for the years 2022 to 2025.

The values presented in Table 2 summarize the yearly energy needs during the moni-
tored period, reflecting both measured and forecasted consumption. The table illustrates
a consistent upward trend in energy demand over time, largely attributable to climatic
conditions and the associated ventilation requirements.

The results indicate a gradual increase in yearly energy demand, with values of
40,475 kWh in 2022, 40,909 kWh in 2023, 43,994 kWh in 2024, and 46,431 kWh in 2025. It
is noteworthy that the energy demand for 2024 comprises two distinct contributions: the
first, which was measured from January to July, and the second, which was forecasted by
the model for August to December. Similarly, the value for 2025 is entirely based on the
model’s predictions.
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Table 2. Yearly energy need during the monitored period.
2022 2023 2024 2025
43,995 kWh =
o * 4 %%
40,475 kWh (*) 40,909 kWh (*) 26,294 (*) + 17,700 (**) 46,431 kWh (**)

(*): measured; (**): forecasted by the model.

In the absence of changes in environmental control strategies or operational practices,
the observed trend suggests that energy consumption will likely continue to grow. In
particular, the estimated annual growth rates in energy demand are 1.07% for 2023, 7.54%
for 2024, and 5.54% for 2025. These findings underscore the necessity for optimized energy
management and control strategies to mitigate the rising energy requirements driven by
external climatic conditions and ventilation demands.

4. Conclusions

This study successfully developed a predictive model for the energy consumption
of a ventilation system in a dairy cattle farm using NeuralProphet. The model utilized
approximately two years of historical energy consumption data collected through a smart
monitoring system and demonstrated satisfactory predictive performance, with an R? value
of 0.85 and an MAE of 27.47 kWh. The results highlight the model’s capability to capture
long-term trends and seasonal patterns in energy demand, providing critical insights into
the behavior of energy consumption under current operational practices and environmental
conditions.

The energy consumption outlook for the latter half of 2024 and 2025 indicates a
persistent upward trend, with significant seasonal peaks during the warmer months
(May to November). The observed annual growth rates of 7.54% in 2024 and 5.54% in
2025 underscore the increasing energy demands driven by climatic factors and ventilation
requirements. While the model demonstrated proficiency in capturing general trends and
seasonal variations, its inability to replicate short-term fluctuations underscores the neces-
sity to incorporate climatic parameters, such as temperature and humidity, as exogenous
inputs in subsequent model iterations.

Future research will center on the development of hybrid models that integrate struc-
tural characteristics of the farm (e.g., building layout, insulation, and ventilation systems)
with external environmental variables (e.g., temperature, humidity, and wind speed) as
exogenous inputs. By combining these elements, hybrid models are expected to provide a
more accurate and holistic representation of energy consumption dynamics. Additionally,
the integration of projected environmental variables, sourced from weather forecasting
systems, can significantly improve the real-time applicability of energy predictions. This
capability would allow for proactive energy management strategies, such as adjusting
ventilation schedules or preparing for peak energy demand periods based on anticipated
weather conditions. These advancements are expected to support more efficient resource
allocation and cost management while enhancing the sustainability of farm operations.
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