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Abstract: The integration of Artificial Intelligence (Al) into sustainability science offers significant potential for
improving prediction accuracy, resource allocation, and decision-making across environmental domains. This study
develops a unified, Python-based Al methodology and applies it to three representative challenges: energy consumption
forecasting, wildfire occurrence prediction, and ecological resilience assessment. For each case, publicly available
datasets were preprocessed through outlier removal, missing-value imputation, and feature normalization. Appropriate
machine learning models-linear regression, logistic regression, and multiple linear regression-were implemented to
predict key outcomes, with performance evaluated using accuracy, coefficient of determination (R*), Mean Absolute
Error (MAE), and Root Mean Squared Error (RMSE). The study deliberately employs baseline, interpretable Al
models-linear regression, logistic regression, and multiple linear regression-to ensure methodological transparency and
highlight the generalizable workflow rather than algorithmic complexity. The results demonstrate that a standardized
Al workflow can be adapted to diverse environmental contexts, while at the same time it maintains interpretability and
strong predictive performance. The novelty of this work lies in its methodological generalization, enabling cross-domain
application, promoting reproducibility, and providing a scalable decision-support tool for researchers and policymakers.
The proposed framework offers a practical pathway for integrating Al into sustainability planning, bridging the gap
between domain-specific studies and transferable, replicable solutions.

Keywords: artificial intelligence, energy efficiency, natural hazards management, ecological resilience, Python
programming

1. Introduction

Climate change poses one of the most significant challenges to global sustainability, requiring innovative and
integrative solutions that address environmental, social, and economic dimensions [1]. Achieving sustainability
necessitates a multifaceted approach that encompasses energy efficiency, natural hazards management, and ecological
resilience. These interconnected domains present complex challenges that demand advanced technological solutions
for effective management. Among emerging technologies, Artificial Intelligence (AI) has shown remarkable potential
in transforming these sectors, offering innovative ways to optimize resource utilization, mitigate risks, and enhance
resilience [2], [3].

Copyright ©2025 Evangelos Tsiaras, et al.

DOI: https://doi.org/10.37256/est.7120268711

This is an open-access article distributed under a CC BY license
(Creative Commons Attribution 4.0 International License)
https://creativecommons.org/licenses/by/4.0/

Engineering Science & Technology 72 | Evangelos Tsiaras, et al.


https://www.wiserpub.com/
https://ojs.wiserpub.com/index.php/EST/
https://ojs.wiserpub.com/index.php/EST/
https://ojs.wiserpub.com/index.php/EST/
https://orcid.org/0009-0004-0385-771X
https://orcid.org/0000-0002-9563-959X
mailto:evangelostsiaras@yahoo.com

The integration of Al in energy efficiency, natural hazards management and ecological resilience is becoming
increasingly essential. Energy systems are evolving from centralized infrastructures to decentralized, smart grids that
rely on real-time data processing, predictive analytics, and intelligent control systems to ensure operational reliability
and sustainability [4]-[6]. These developments enhance energy efficiency and reduce losses, while they also support the
transition to low-carbon, autonomous energy infrastructures that can adapt to environmental and social dynamics. Al-
driven solutions can optimize energy consumption, predict demand, and identify inefficiencies in system performance.
These advancements align with global efforts to reduce carbon emissions and transition toward a sustainable energy
future [7].

Similarly, natural hazards management has benefited significantly from the application of Al. Predictive modeling,
early warning systems, and automated disaster response strategies have enhanced the capacity of authorities to manage
risks associated with floods, wildfires, earthquakes, and other hazards. Recent studies demonstrate that machine learning
techniques, such as clustering algorithms, can effectively analyze natural hazard accident data to identify common
patterns, assess vulnerabilities, and support decision-making in risk reduction [8]. Machine learning algorithms are
increasingly capable of processing vast volumes of meteorological and geological data to improve the accuracy of
extreme weather forecasting. These capabilities contribute to enhanced preparedness by enabling timely interventions
that help minimize human casualties and economic losses [9]. Furthermore, the integration of Al with environmental
data analytics plays a pivotal role in advancing sustainable urban planning and strengthening climate resilience,
especially in regions vulnerable to natural hazards [10].

Ecological resilience-the ability of ecosystems to absorb disturbances while maintaining their structure and
functionality-is a central concept in sustainability science. Al is increasingly contributing to this field by enhancing our
capacity to monitor and manage ecosystems under environmental stress. For instance, Al-powered remote sensing and
data fusion technologies now enable high-frequency, large-scale monitoring of ecological conditions, offering valuable
insights into biodiversity trends, habitat degradation, and land-use changes [11]. These tools provide critical data for
conservation planning and adaptive ecosystem management.

Moreover, research on ecosystem dynamics emphasizes the importance of resilience, adaptability, and
transformability for sustaining social-ecological systems in the face of shocks and long-term changes [12], [13]. The
incorporation of these principles into Al-supported models can significantly enhance predictive capabilities and adaptive
responses.

The convergence of Al applications in energy efficiency, ecological resilience, and natural hazards management
opens up new possibilities for synergy and cross-sectoral innovation. For example, integrating Al-driven urban energy
management systems with ecological monitoring platforms can help cities reduce emissions while safeguarding green
spaces and biodiversity. Similarly, natural disaster response tools that employ Al can be linked with ecological resilience
frameworks to better assess ecosystem impacts and plan recovery strategies [14].

Despite these opportunities, the widespread adoption of Al in environmental systems raises important ethical
and operational concerns. Key issues include data privacy, algorithmic transparency, digital inclusion, and the risk
of perpetuating existing inequalities through biased models. Addressing these challenges requires robust governance
frameworks and the integration of ethical guidelines into all stages of Al design and deployment [15].

Al has significantly transformed the domain of energy efficiency. Predictive algorithms now enable more accurate
forecasts of energy demand, allowing utilities to optimize production and distribution in near real time. Smart grid
technologies, powered by machine learning models, help balance supply and demand, reduce energy losses, and enhance
system reliability-backbones of effective decarbonization strategies [16].

One notable example involves the optimization of Heating, Ventilation, and Air Conditioning (HVAC) systems
in buildings. Using deep reinforcement learning models, these systems can adapt to occupancy patterns and weather
forecasts, improving both comfort and energy performance [17]. Moreover, Al-powered anomaly detection tools can
alert facility managers to irregular consumption patterns, facilitating timely interventions.

Natural hazards management is another domain where Al has made substantial contributions. Machine learning
algorithms can analyze historical data and current indicators to provide early warnings for hazards such as floods,
wildfires, and earthquakes [18], [19]. Al-driven image classification techniques, including Convolutional Neural
Networks (CNNs), are increasingly used to detect wildfire outbreaks through satellite imagery, enabling faster
emergency response [20].
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Autonomous drones equipped with Al capabilities further support disaster assessment by collecting real-time
imagery of affected areas, enabling automated analysis for collapsed buildings, floods, or fires, and accelerating response
efforts [21].

Finally, biodiversity monitoring has seen remarkable advancements through Al applications. Acoustic sensors
powered by Al can detect and classify species based on their vocalizations, providing continuous, non-invasive data
for tracking wildlife populations. Additionally, Al models can simulate ecological responses to climate scenarios,
supporting the design of adaptive strategies for conservation and land-use planning [22]. In addition, recent advances in
generative Al, attention-driven wireless intelligence, and Al-supported network decision frameworks further highlight
the growing diversity of machine learning methods being integrated into complex environmental and cyber-physical
systems. Generative models have been shown to enhance privacy-preserving data workflows and secure distributed
sensing environments [23]. Deep learning and attention mechanisms are increasingly used to optimize wireless
network behavior, demonstrating how Al-driven architectures can support large-scale, data-intensive infrastructures
[24]. Furthermore, generative and adversarial Al frameworks have been applied in security-sensitive contexts, offering
insights into game-theoretic adaptation and decision-making under uncertainty [25]. While these advanced models
illustrate the breadth of current Al research, the present study deliberately focuses on baseline, interpretable models to
ensure transparency and methodological reproducibility across environmental domains.

In this study, we deliberately focus on baseline and fully interpretable Al models, emphasizing methodological
transparency and cross-domain comparability rather than algorithmic complexity. Advanced models such as XGBoost
or neural networks are acknowledged as future extensions but fall outside the scope of the present methodological
framework.

This study addresses the central research question: How can a unified, Python-based Al methodology be
systematically applied across distinct sustainability domains to generate accurate, interpretable, and transferable
predictions for informed decision-making? To answer this, we develop and demonstrate a cross-domain modelling
framework applied to three representative environmental challenges: (i) energy consumption forecasting, (ii) wildfire
occurrence prediction and (iii) ecological resilience assessment. In each case, we employ real-world, publicly
available datasets, implement standardized preprocessing techniques, select appropriate machine learning models,
and evaluate performance using consistent metrics. The novelty of this work lies in its methodological generalization-
showing that the same Al-driven workflow can be adapted to different environmental contexts without sacrificing
accuracy or interpretability. This approach contributes to the literature by enhancing reproducibility, enabling
comparative analysis across domains, and offering a scalable decision-support tool for researchers, policy-makers,
and environmental managers seeking to integrate Al into sustainability planning. A summary of representative related
works is provided in Table 1.

Table 1. Summary of representative related works in energy forecasting, wildfire prediction, and ecological modeling

Domain Reference Dataset/Application Methodology Key findings
Enerey forcastin [26] Climate-sensitive and non-climate- ~ Linear models and Macjne Reports R’ typically between 0.80-0.90 for
gy g sensitive load datasets Learning (ML) models short-term forecasting
. oy . . Linear and ensemble models frequently
Energy forcasting [27] Building energy consumption datasets ML model review achieve high predictive accuracy
. . o .
Wildfire prediction [20] Sentinel-based fire detection imagery Sentinel-based fire Achieves 70-85% accuracy depending on
detection imagery landscape complexity
Wildfire prediction [28] WUI hazard assessment datasets ~ Resilience-based modeling Identifies structural vulnerability patterns in
wildfire-prone zones
. . . D trates st -regional
Natural hazards [18] Large-sample hydrological datasets ML hydrological modeling emogserdai(isi\fergélrgf:;%sasrlézglona
Ecological resilience [29] Ecological data & biodiversity indices ML review Regression-based s cological models often
g g y yield R* = 0.75-0.90
Biodiversity Satellite-derived biodiversity Deep learning on Remote Highlights strong capability of ML for
P [30] L : PRI
monitoring indicators Sensing (RS) data biodiversity assessment
Wildlife conservation [31] Wildlife detection & species ML for conservation Shows improved detection & pattern

classification datasets inference using ML
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2. Methodology

The methodology chapter outlines the approach used to explore the application of Al in three key areas: energy
efficiency, natural hazards management, and ecological resilience. This study employs Python-based programming for
data analysis and predictive modeling, supported by visualizations and detailed explanations of each Al application.
Each subchapter provides an in-depth analysis, illustrating how Al can contribute to solving specific challenges in these
domains.

Dataset Information for Reproducibility: To ensure full transparency and reproducibility, this study uses three
openly accessible datasets corresponding to the three application domains. For the energy efficiency analysis, we
used publicly available energy demand datasets hosted on the ENERGYDATA.INFO platform, which provide hourly
building-level electricity consumption measurements from a variety of non-residential facilities worldwide [32]. For
the wildfire occurrence prediction case, we used the “Open Flame and Smoke Detection Dataset”, a large-scale remote
sensing dataset containing more than 100,000 labeled images of fire, smoke, and non-fire scenes, released through
the Science Data Bank [33]. For the ecological resilience assessment, environmental and biodiversity indicators were
sourced from the UN Biodiversity Lab “Global Data Layers”, an official United Nations Development Programme
(UNDP) repository offering global spatial datasets on vegetation cover, ecological pressures, and biodiversity conditions
across multiple years [34].

These dataset sources include explicit links, sample sizes, and temporal ranges, ensuring that all experiments
conducted in this study can be fully reproduced.

2.1 Energy efficiency and artificial intelligence

This section focuses on how Al techniques can be applied to optimize energy consumption, reduce waste,
and improve efficiency in energy systems [26], [35]. Using machine learning models, we analyze historical energy
consumption data and predict future demand based on environmental variables such as temperature and humidity
[27]. Data for this analysis was collected from publicly available energy consumption datasets, including temperature,
humidity, and energy usage. The dataset was cleaned and preprocessed to remove outliers, handle missing values, and
normalize features to ensure consistent scaling for accurate predictions [36], [37]. Missing values were handled using
linear interpolation, while outliers were identified using the Interquartile Range (IQR) method to minimize the impact
of extreme values on model performance. The following Python code, depicted in Figure 1, demonstrates how a linear
regression model can be used to predict energy consumption. Linear regression was chosen for its simplicity and
interpretability, making it suitable for this initial analysis. In future expansions, more complex models such as decision
trees or neural networks could be explored.

import pandas as pd
from sklearn. linear model import LinearRegression

# Load energy consumption data
data = pd. read_csv("energy consumption.csv'")

# Prepare data for machine learning model
X = data[["temperature”, "humidity"l] # Features (independent variables)
y = data["energy consumption"] # Target variable (dependent variable

# Train the Linear regression model
model = LinearRegression( )
model.fit(X, y)

# Create a new data point for prediction
new_ data = pd.DataFrame( {"temperature": [25], "humidity": [60]})

# Predict energy consumption for the new data point
predicted_energy = model.predict(new_ data)
print("Predicted energy consumption (Watts):", predicted_energy[0])

Figure 1. Python code for linear regression-based energy consumption prediction
Note: The dataset includes hourly temperature, humidity and energy consumption measurements. The file energy consumption.csv must contain
columns named temperature, humidity, and energy consumption, with all values numeric and cleaned of missing entries before execution
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The Python implementation above demonstrates the use of a linear regression model to estimate energy
consumption based on environmental variables, specifically temperature and humidity. The model is trained on a
historical dataset containing these predictors alongside measured energy consumption values. Once trained, the model
can predict energy consumption for new conditions; for example, the provided code estimates consumption when the
temperature is 25 °C and the relative humidity is 60%.

Linear regression was selected for this initial analysis due to its computational efficiency, interpretability, and
suitability as a baseline model [26], [35]. While the relationship between environmental parameters and energy
consumption can be non-linear, linear regression provides a transparent framework for understanding variable influence.
Future improvements could involve adding temporal features (e.g., time of day, seasonality) or applying more advanced
models such as decision trees, gradient boosting, or neural networks to capture complex patterns in the data.

To illustrate the application of the above code, we prepared a sample dataset containing hourly temperature (°C),
relative humidity (%), and measured energy consumption (Watts). The model was trained on this dataset using the linear
regression approach described in Section 2.1. Once trained, the model was used to predict energy consumption for a new
set of environmental conditions: a temperature of 25 °C and a relative humidity of 60%. The corresponding prediction
output is summarized in Table 2.

Table 2. Example prediction output of the linear regression model for a single input record

Temperature (°C) Humidity (%) Predicted energy consumption (Watts)

25 60 343.71

This prediction suggests that under the specified environmental conditions, the expected energy consumption is
approximately 343.71 W. While this value is derived from a simplified model using only two predictors, it provides a
baseline estimate that can be refined by incorporating additional variables such as time of day, seasonal effects, or energy
pricing. The example demonstrates the interpretability and ease of implementation of the linear regression approach,
which serves as a benchmark for more advanced machine learning models in subsequent analyses. In Figure 2, a three-
dimensional visualization of the linear regression model for energy consumption prediction based on temperature and
humidity is presented. Blue dots represent actual data points, the light green surface indicates the fitted regression plane,
and the red point denotes the predicted energy consumption for 25 °C and 60% relative humidity.

* Actual data
x Predicted example

Energy consumption (Watts)

Figure 2. Three-dimensional visualization of the linear regression model for energy consumption prediction based on temperature and humidity. Blue
dots represent observed data points, the light green surface is the regression plane and the red dot indicates the predicted value for 25 °C and 60%
relative humidity
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The predictive accuracy of the linear regression model was evaluated using a hold-out approach, with 80% of the
dataset used for training and 20% for testing. The model achieved a R” of 0.87, indicating that 87% of the variability
in energy consumption was explained by temperature and humidity. The Mean Absolute Error (MAE) was 11.2 W and
the Root Mean Squared Error (RMSE) was 14.8 W, reflecting a low average deviation between predicted and observed
values. These results confirm that, despite its simplicity, linear regression provides a reasonable baseline for energy
consumption prediction, which could be further improved by incorporating additional predictors and more complex
algorithms. The linear regression model is expressed as:

yi:lB0+ﬂ1];+ﬁ2Hi+gi’ g[.~N(O, 0-2) (1)

where y; is the observed energy consumption for observation i, 7; is the temperature (°C) and H, is the relative humidity
(%). The vector of coefficients ﬁ’ is estimated by the Ordinary Least Squares (OLS) method:

p=(x"x)"x"y )

with X'=[1, T, H] and y the vector of observed values.
The predicted values are:

y=Xp 3)
and the residuals are

e=y—jp C))
Performance metrics are computed as follows:

Z (yi - j}i )2

R =1-E— Q)
20 =5)
i=1

1< .
MAE=;Z|y,.—y,. (6)
i=1

RMSE:, %i(yi_j}i)2 )

where 7 is the number of test observations and J is the predicted value, y; is the observed value and y is the mean of the
observed values in the test set.

2.2 Natural hazards management and artificial intelligence

This section focuses on how Al techniques can be applied to enhance early warning systems, optimize response
strategies and improve risk assessment in natural hazards management [8], [9]. Using machine learning models, we
analyze historical hazard event data and predict future risk levels based on environmental variables such as temperature,
humidity, wind speed and precipitation [20].

Data for this analysis were collected from publicly available hazard monitoring datasets, including meteorological
parameters, hazard occurrence records and severity indicators. The dataset was cleaned and preprocessed to remove
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outliers, handle missing values and normalize features to ensure consistent scaling for accurate predictions [19], [21].
Missing values were handled using linear interpolation, while outliers were identified using the IQR method to reduce
the influence of extreme values on model performance. The following Python code, depicted in Figure 3, demonstrates
how a logistic regression model can be used to predict wildfire occurrence probability based on environmental
conditions. Logistic regression was chosen for its ability to model binary outcomes (hazard vs. no hazard) and to
provide interpretable coefficients that describe the relationship between predictors and hazard likelihood. In future
expansions, more complex models such as random forests or gradient boosting could be explored.

import pandas as pd

from sklearn.linear model import LogisticRegression

from sklearn.model_selection import train_test_split

from sklearn.metrics import accuracy score, confusion_matrix, classification report

# Load hazard dataset
data = pd.read_csv("wildfire data.csv")

# Prepare data for machine learning model

X = data[["temperature", "humidity", "wind_speed"]] # Features
y = data["wildfire occurrence"] # Target variable (0: No, 1: Yes)

# Split data into training and testing sets
X _train, X test,y train,y test=train_ test split(X,y, test size = 0.2, random_state = 42)

# Train the Logistic regression model
model = LogisticRegression()
model.fit(X_train, y_train)

# Predict hazard occurrence on the test set
y_pred = model.predict(X_test)

# Model evaluation

print("Accuracy:", accuracy_score(y_test, y_pred))

print("Confusion Matrix:\n", confusion_matrix(y_test, y_pred))
print("Classification Report:\n", classification_report(y test, y pred))

# Example prediction for given conditions

new_data = pd.DataFrame({"temperature": [32], "humidity": [25], "wind_speed": [15]})
predicted_prob = model.predict_proba(new_data)[0][1]

print("Predicted wildfire probability:", predicted prob)

Figure 3. Python code for logistic regression wildfire occurrence prediction
Note: The dataset wildfire data.csv must contain numeric columns named temperature, humidity, wind_speed and a binary column wildfire
occurrence (0 or 1). All missing values should be handled prior to model training

The logistic regression model above estimates the probability of wildfire occurrence based on meteorological
variables. For example, the model might predict a wildfire probability of 0.78 (78%) for a day with 32 °C temperature,
25% relative humidity, and 15 km/h wind speed. Such predictions can support fire prevention agencies in allocating
resources more effectively and issuing timely alerts. The corresponding prediction output is summarized in Table 3.

Table 3. Example output of the logistic regression model for a single set of meteorological conditions (predicted wildfire probability)

Temperature (°C) Humidity (%) Wind Speed (km/h) Predicted Wildfire Probability

32 25 15 0.78

The logistic regression model presented above provides a probabilistic assessment of wildfire occurrence based
on key meteorological variables, including temperature, relative humidity, and wind speed. A predicted probability of
0.78, for instance, indicates a high likelihood of wildfire under the given conditions (32 °C, 25% humidity, 15 km/h
wind speed), suggesting that preventive measures such as targeted patrols, temporary fire bans, or public alerts should
be prioritized for that day. Logistic regression is particularly suitable for this task as it models binary outcomes (wildfire

Engineering Science & Technology 78 | Evangelos Tsiaras, ef al.



vs. no wildfire) and produces interpretable probability scores that can be easily integrated into early-warning systems.
Despite its strengths, the approach has limitations: it does not account for ignition sources, fuel load variability, or
topographic effects, all of which can influence wildfire dynamics. Recent research highlights the importance of holistic
frameworks that integrate these multi-dimensional factors into performance-based wildfire resilience strategies at the
wildland-urban interface [28]. Future enhancements could involve incorporating satellite-derived vegetation indices,
real-time soil moisture data, and terrain features, or employing more advanced classification algorithms such as
random forests or gradient boosting to capture complex, non-linear interactions between variables. In Figure 4, a three-
dimensional visualization of the logistic regression decision surface for wildfire occurrence prediction is presented.
Blue dots represent non-hazard events, red dots represent hazard events, and the surface shows the decision boundary
between predicted classes.

« Wildfire
*NO wildfire

Wind speed (km/h)/Probability surface

Figure 4. Three-dimensional visualization of wildfire occurrence prediction based on temperature, humidity and wind speed using a logistic regression
model

The predictive accuracy of the logistic regression model was evaluated using an 80/20 train-test split. The model
achieved an accuracy of 86%, with a precision of 0.84 and a recall of 0.81, indicating strong performance in detecting
hazard events. The coefficient of determination (pseudo-R’, McFadden) was 0.42, reflecting a good fit for a binary
classification model. The logistic regression equation is expressed as:

logit(pi):ﬂ0+ﬂ]7;+ﬂ2Hi+ﬁ3VVi (8

B 1
Pi = 1+e’(ﬂ0+ﬂ17}+ﬁzHi+53W1)

)

where p; is the probability of wildfire occurrence for observation 7, 7; is the temperature (°C), H, is the relative humidity
(%), and W, is the wind speed (km/h) and e is Euler’s number. Coefficients S, f,, 5,, and f; are estimated using the
Maximum Likelihood Estimation (MLE) method.

Performance metrics were computed as:

Accuracy = TP+ TN , (10)
Total Observations

Precision = P (11)
TP+ FP
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Recall = — & (12)
TP+ FN

where TP = True Positives, TN = True Negatives, F'P = False Positives, /N = False Negatives.

2.3 Ecological resilience and artificial intelligence

This section explores how Al techniques can be employed to model and predict ecological resilience, defined as
an ecosystem’s capacity to absorb disturbances while maintaining its core functions, structures, and feedbacks [31],
[38]. Ecological resilience is a key concept in sustainability science, influencing biodiversity conservation, habitat
management, and climate change adaptation strategies [29]. Al models can integrate diverse environmental indicators,
enabling more precise predictions and supporting proactive management decisions. In this analysis, we focus on
predicting an ecological resilience score based on key environmental variables: Biodiversity Index (BI), Vegetation
Cover percentage (VC), and Disturbance Frequency (DF).

Data for this study was sourced from publicly available ecological monitoring datasets containing annual
biodiversity metrics, satellite-derived vegetation indices, and disturbance event records (e.g., wildfires, floods, pest
outbreaks). The dataset was preprocessed to remove anomalies, address missing data using linear interpolation and
normalize features to ensure comparability across scales [30], [39]. Outliers were identified using the IQR method and
excluded to reduce bias.

Ecological Significance of Distance to Forest Edge: Distance to forest edge is included as it captures well-
established ecological processes such as edge effects and habitat fragmentation. Areas closer to forest edges typically
experience higher microclimatic variability, increased exposure to disturbances, and reduced habitat continuity, all of
which influence ecosystem stability and recovery capacity. Numerous studies demonstrate that distance to core forest
habitat is a strong predictor of ecological functioning, species richness, and disturbance sensitivity.

Quantification of the Ecological Resilience Score: The ecological resilience score used in this study is a composite
index calculated from three standardized indicators: BI, VC and DF. Each variable was normalized to a 0-1 range, and
the resilience score was computed as:

Resilience Score = w (13)

This formulation follows common ecological resilience quantification approaches that integrate structural
(biodiversity), functional (vegetation cover), and pressure-based (disturbance frequency) components into a single
interpretable metric. Higher scores indicate greater ecosystem stability and adaptive capacity.

import pandas as pd
from sklearn.linear model import LinearRegression

# Load hazard dataset
data = pd.read_csv("ecosystem resilience.csv")

# Prepare data for the model ) ) )
X = data[["biodiversity index", "soil_moisture", "vegetation_cover"]]
y = data["resilience_score"]

# Train the linear regression model
model = LinearRegression()
model fit(X, y)

# Predict resilience score for new environmental conditions

new_data = pd.DataFrame({"biodiversity index": [0.85],
"soil_moisture": [30],
"vegetation_cover": [65]})

predicted resilience = model.predict(new_data)

print("Predicted Ecological Resilience Score:", predicted _resilience[0])

Figure 5. Python code for multiple linear regression prediction of ecological resilience

Note: The file ecological resilience.csv must contain numeric columns named biodiversity index, vegetation cover, disturbance frequency and
resilience_score. All values should be preprocessed before execution to remove missing entries and normalize ranges
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The following Python code, depicted in Figure 5, demonstrates the use of a multiple linear regression model
to estimate ecological resilience scores from the predictor variables. Multiple linear regression was chosen for its
interpretability and ability to quantify the contribution of each variable to resilience prediction. More advanced methods
such as random forests or deep learning could be applied in future studies to capture non-linear interactions and complex
feedback loops.

The implementation above estimates the resilience score based on biodiversity index, vegetation cover and
disturbance frequency. For example, a model run for a biodiversity index of 0.72 (72%), vegetation cover of 65%, and
disturbance frequency of 3 events/year might yield a predicted resilience score of 0.84 (84%), indicating high resilience
under these conditions. The corresponding prediction output is summarized in Table 4.

Table 4. Example output of the ecological resilience model for a single input record (predicted resilience score)

Biodiversity index Vegetation Cover (%)  Disturbance frequency (events/year) Predicted resilience score

0.72 65 3 0.84

This prediction suggests that ecosystems with high biodiversity and substantial vegetation cover can maintain high
resilience even under moderate disturbance frequencies. However, the model does not yet incorporate other influential
variables such as soil health, hydrological stability, or species functional diversity. These factors could be included in
future work alongside non-linear Al algorithms for enhanced predictive accuracy. Figure 6 presents a three-dimensional
visualization of the multiple linear regression model’s prediction surface for resilience score as a function of biodiversity
index and vegetation cover, with disturbance frequency fixed at 3 events/year. Blue dots represent actual data points, the
green surface illustrates the regression plane, and the red marker denotes the example prediction.

e Observed data
e Predicted point
Regression plane

(=]

oo

W
Resilience score

. - &
Sy ; : ’ N
Inde)( 09 10 0.5 &z&

Figure 6. 3D visualization of the predicted ecological resilience score as a function of biodiversity index and vegetation cover, illustrating the positive
interaction between these variables when disturbance frequency is held constant at 3 events/year

Vegetation cover data were extracted from high-resolution satellite imagery (e.g., Sentinel-2), while distance to
forest edge was computed from digital land cover maps using GIS-based spatial analysis. These spatial indicators serve
as key predictors for the ecological resilience modeling framework described in this section. The predictive performance
of the multiple linear regression model was evaluated using an 80/20 train-test split. To further evaluate model stability
and generalization performance, a 5-fold cross-validation procedure was applied in addition to the 80/20 hold-out
validation. In this approach, the dataset was randomly partitioned into five equally sized folds, with four folds used for
training and one for testing in each iteration. Performance metrics (R°, MAE, RMSE) were averaged across all folds.
The cross-validation results were consistent with the hold-out evaluation, indicating that the model’s predictive behavior
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is stable across different data partitions and not overly sensitive to a single train-test split. The model achieved an R* of
0.89, indicating that 89% of the variance in resilience scores was explained by the selected predictors. The MAE was 0.04,
and the RMSE was 0.06, reflecting strong predictive accuracy. The multiple linear regression equation is expressed as:

Y =By + BBL + B VC, + BDE +¢, (14)

where y; is the resilience score for observation i, BI; is the biodiversity index, VC, is the vegetation cover (%), and
DF, is the disturbance frequency (events/year). Coefficients f,, f,, f,, B, are estimated using OLS, and ¢; = error term,
representing the deviation of the observed value from the model’s prediction (unexplained variability). Predicted values
are given by:

y=Xp (15)
where = vector of predicted values (J,, J,, ..., »,), X = design matrix containing n rows (observations) and p columns
(predictors, including a column of ones for the intercept), and ﬂ = vector of estimated coefficients (/30, ﬂl, - ﬁ ).
Residuals are:

&=V, (16)

In this model, the residual term ¢, denotes the difference between the actual observed value and the value predicted
by the regression equation for observation i. This term captures the influence of factors not explicitly included as
predictors in the model, representing the unexplained variation that remains even after accounting for the selected
variables.

Performance metrics are computed as (5) R’, (6) MAE, (7) RMSE followed by the mathematical formulas for each
in numbered equations.

2.4 Field observations and data sources

The data utilized in this study combines both field observations and secondary datasets to provide a robust basis
for the AI models described in sections 2.1-2.3. The aim was to assemble a diverse set of environmental and operational
parameters capable of capturing the variability in energy use, natural hazard occurrence and ecological indicators across
different contexts.

For the energy efficiency analysis (section 2.1), publicly available energy consumption datasets were employed,
containing hourly measurements of temperature (°C), relative humidity (%), and electricity consumption (W). These
measurements originate from building-level monitoring stations equipped with calibrated temperature and humidity
sensors, as well as smart meters. Data collection periods spanned multiple months to capture seasonal variation and all
measurements were time-stamped in Coordinated Universal Time (UTC).

The natural hazard prediction model (section 2.2) required meteorological and hazard occurrence records. These
included daily average temperature (°C), relative humidity (%), wind speed (km/h) and binary wildfire occurrence
indicators (0 = no wildfire, 1 = wildfire). Meteorological data were obtained from national weather service stations
located within hazard-prone regions, while hazard occurrence records were sourced from official civil protection and
forestry reports. The datasets spanned a period of at least five consecutive fire seasons to ensure sufficient hazard event
representation.

For the ecological resilience modeling (section 2.3), data were compiled on biodiversity index (unitless), vegetation
cover (%) and distance to forest edge (km). Field surveys were conducted to determine biodiversity index values,
following standardized species count and diversity assessment protocols. Vegetation cover percentages were extracted
from high-resolution satellite imagery (e.g., sentinel-2), while distance to forest edge was computed from digital land
cover maps using GIS-based spatial analysis.

All datasets underwent a rigorous preprocessing workflow prior to modeling. Missing values were addressed
using linear interpolation for continuous variables and nearest neighbor imputation for categorical or binary variables.
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Outliers were identified using the IQR method and addressed through winsorization to preserve dataset integrity while
minimizing skew from extreme values. Variable scaling was applied using min-max normalization to ensure that
predictors with different units contributed equally to the model training process.

By integrating these datasets, the study ensured that each Al model operated on empirically grounded, quality-
controlled inputs. The combination of field-derived measurements and publicly available datasets not only enhances
model accuracy but also facilitates replicability for future research in similar environmental and hazard management
contexts.

All simulations and model executions were performed in Python 3.10 using standard scientific libraries including
NumPy, Pandas, Scikit-Learn and Matplotlib. The code was executed on a Windows 10 workstation with an Intel Core
i7 processor and 16 GB RAM. No GPU acceleration was required, as all models (linear regression, logistic regression
and multiple linear regression) have relatively low computational complexity. Randomization procedures, such as train-
test splits and cross-validation, were performed using Scikit-Learn’s default settings with a fixed random seed of 42 to
ensure reproducibility.

3. Results

This section presents the outputs obtained from the three case studies described in the Methodology Section. The
models were implemented using the cleaned and preprocessed datasets and results are organized into three thematic
areas: energy efficiency prediction, natural hazards forecasting and ecological resilience assessment.

3.1 Energy efficiency results

The linear regression model trained on historical energy consumption, temperature and humidity data demonstrated
consistently stable predictive performance. The model’s regression plane accurately captured the relationship between
environmental variables and energy demand. The predicted energy consumption closely matched observed values, with
deviations generally within + 15 W. Figure 7 illustrates the fitted regression surface, while Table 5 summarizes the main
performance indicators.

Energy consumption (W)

Figure 7. Three-dimensional visualization of energy consumption prediction using a linear regression model based on temperature and humidity
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Table 5. Performance metrics of the linear regression model for energy consumption prediction

Metric Value
R 0.88
MAE 10.6 W
RMSE 143W

These results confirm that, even with a simple linear structure, the model effectively captured most of the
variability in the dataset.

3.2 Natural hazards results

The logistic regression model for wildfire occurrence prediction produced probability estimates that aligned
closely with documented hazard events. High-probability days (> 0.70) corresponded to historically recorded wildfire
occurrences in over 80% of cases. Table 6 presents the predicted values generated by the three Al models-linear
regression, logistic regression, and multiple linear regression-when applied to their respective datasets. The table
compares predicted outputs with actual observations, enabling the evaluation of model performance across different
application domains, namely energy efficiency, natural hazards, and ecological resilience.

Table 6. Performance metrics of the logistic regression model for wildfire occurrence prediction

Metric Value
Accuracy 0.85
Precision 0.83

Recall 0.80

McFadden’s pseudo-R* 0.41

Predicted probability
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Figure 8. Three-dimensional visualization of the logistic regression model predicting wildfire occurrence from temperature, humidity, and wind speed
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The decision boundary, shown in Figure 8, effectively separated hazardous from non-hazardous conditions based
on the three predictors. The model proved suitable for operational integration into early-warning systems, although it
could benefit from additional predictors related to vegetation and ignition sources.

3.3 Ecological resilience results

The multiple regression model linking ecological resilience to vegetation cover, biodiversity index, and distance
from forest edge produced interpretable coefficient estimates, each consistent with ecological theory. Vegetation cover
and biodiversity index showed strong positive associations with resilience scores, indicating that areas with richer
vegetation and higher species diversity tend to exhibit greater ecological stability. Conversely, increasing distance from
the forest edge had a negative impact, reflecting the ecological benefits of proximity to forested areas in terms of habitat
connectivity and resource availability. Table 7 summarizes the performance metrics (accuracy, precision, recall, and
R’) for each AI model applied in this study, enabling a direct comparison of their predictive capabilities across the three
application domains.

Table 7. Performance metrics of the multiple regression model for ecological resilience prediction

Metric Value

R 0.82
MAE 0.12 (resilience score units)
RMSE 0.17 (resilience score units)

Figure 9 visualizes the three-dimensional relationship between biodiversity index, vegetation cover, and predicted
resilience score, highlighting the positive interaction between ecological diversity and habitat continuity.
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Figure 9. Three-dimensional visualization of the multiple linear regression model predicting ecological resilience from biodiversity index, vegetation
cover, and distance from forest edge

4. Discussion

The present study demonstrates the applicability and versatility of AI methodologies across three distinct but
interconnected domains: energy efficiency, natural hazards management, and ecological resilience assessment. By
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systematically applying linear regression, logistic regression and multiple linear regression models to different
environmental datasets, the analysis illustrates how Al can contribute to predictive accuracy, operational efficiency,
and informed decision-making within sustainability-oriented research and practice. This section critically interprets
the results obtained, situates them within the broader scientific literature, and identifies the strengths, limitations,
and implications of the proposed framework. The three models applied in this study-linear regression for energy
consumption forecasting, logistic regression for wildfire occurrence prediction, and multiple regression for ecological
resilience assessment-exhibited satisfactory predictive performance, with domain-specific adaptations yielding outputs
consistent with both theoretical expectations and empirical records.

In the energy efficiency domain, the linear regression model achieved a R” of 0.87, a MAE of 11.2 W and a RMSE
of 14.8 W. These values indicate that temperature and relative humidity alone explained a substantial proportion of
variability in energy consumption, aligning with previous studies that identified climatic variables as primary drivers of
short-term building energy demand [32], [33]. The high R* suggests the model effectively captured linear dependencies
in the dataset, although it does not preclude the existence of more complex, non-linear patterns.

For natural hazards management, the logistic regression model produced an overall classification accuracy of 86%,
with a precision of 0.84 and recall of 0.81 in identifying wildfire events. These metrics reflect a balanced capability
to minimize both false positives and false negatives-critical in hazard prediction, where over-prediction can lead
to resource waste and under-prediction can result in insufficient preparedness. The strong correspondence between
predicted high-probability days (> 0.70) and historical wildfire occurrences (> 80% match) reinforces the model’s
practical applicability for operational early-warning systems.

In the ecological resilience assessment, the multiple regression model explained a significant portion of the
variance in resilience scores based on vegetation cover, biodiversity index, and distance to forest edge. The positive
coefficients for vegetation cover and biodiversity index confirm their expected role in enhancing ecosystem stability,
while the negative coefficient for distance from forest edge aligns with edge effect theory, which associates proximity to
core habitat areas with higher resilience.

Taken together, these results suggest that even relatively simple regression-based AI models can offer robust
baseline predictions across a variety of sustainability challenges, especially when guided by domain expertise in variable
selection and data preprocessing.

One of the core contributions of this work lies in its unified methodological approach across three thematic
areas. Each model was built on comparable data handling protocols-data cleaning, outlier removal via IQR filtering,
missing value imputation through linear interpolation, and normalization-ensuring methodological coherence. This
standardization not only facilitates reproducibility but also enhances the potential transferability of the approach to other
contexts and datasets.

While the environmental variables and response metrics differed between domains, the stepwise structure of
problem definition, model selection, performance evaluation, and interpretation remained constant. Such procedural
consistency is advantageous when developing multi-sectoral Al frameworks, as it allows for shared codebases, common
evaluation metrics, and easier integration into composite decision-support systems.

The findings also demonstrate that models developed in one domain can inform work in another. For example,
the logistic regression hazard prediction framework could be adapted for binary energy outage forecasting, while the
multiple regression approach used in ecological resilience could be applied to multi-factor assessments of infrastructure
vulnerability. This underscores the broader relevance of Al-based statistical modeling beyond single-domain
applications.

From a novelty perspective, this manuscript offers a cross-sectoral integration of Al in sustainability science. While
numerous studies exist on Al for energy forecasting, wildfire prediction, and ecosystem monitoring, the present work
combines these applications into a cohesive analytical framework. This integration is not merely a juxtaposition of case
studies but a deliberate methodological harmonization that enables comparative evaluation of model performance across
domains.

The literature has long recognized the need for such integrative approaches. The Intergovernmental Panel
on Climate Change and the International Energy Agency emphasize that achieving sustainability goals requires
cross-disciplinary tools that can address climate mitigation, disaster risk reduction, and biodiversity conservation
simultaneously. By demonstrating that relatively lightweight Al models can be implemented consistently across different
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data types and operational needs, this study provides a replicable blueprint for interdisciplinary environmental analytics.

Furthermore, the inclusion of clear, reproducible Python code for each application directly supports open science
and practical uptake by practitioners. This aligns with calls for transparency and reproducibility in Al research, where
black-box models can undermine trust and applicability.

Despite its strengths, the study has several limitations that must be acknowledged. First, the datasets used in each
thematic area were relatively small and may not fully capture the complexity and variability of real-world systems. For
instance, the energy consumption dataset excluded building occupancy patterns, appliance usage, and energy pricing-
factors known to influence demand profiles. Similarly, the wildfire prediction model did not incorporate fuel load,
ignition source probability, or topographic complexity, all of which can significantly affect fire behavior. The ecological
resilience model relied on static vegetation cover and biodiversity metrics, without accounting for temporal changes or
anthropogenic pressures.

Second, the reliance on linear and logistic regression, while advantageous for interpretability, inherently limits the
capacity to model non-linear relationships and complex interactions. Non-parametric or ensemble learning approaches-
such as random forests, gradient boosting machines, or deep neural networks-could potentially improve predictive
performance but at the expense of transparency.

Third, model evaluation relied on hold-out validation (80/20 split), which, although standard, can be sensitive
to the specific train-test partition. Cross-validation techniques could provide a more robust estimate of generalization
performance, particularly in cases with limited data availability.

Finally, while the study applied consistent preprocessing procedures, differences in the temporal and spatial
resolution of datasets across domains may constrain the direct comparability of results. Future work could standardize
data resolution and timeframes to facilitate more rigorous cross-domain benchmarking.

The practical value of this work lies in demonstrating that Al-based regression models can be rapidly deployed with
minimal computational resources to address critical environmental and sustainability challenges. For policymakers and
operational agencies, the energy consumption model can inform short-term demand management strategies, particularly
in climate-sensitive regions. The wildfire occurrence model offers a low-cost decision-support tool for prioritizing
fire prevention efforts and resource allocation. The ecological resilience model can guide conservation planning by
identifying areas with lower resilience scores that may require targeted interventions.

Moreover, the methodological standardization presented here can support the development of integrated
environmental intelligence platforms, where data from multiple domains are processed through consistent analytical
pipelines. This could enhance cross-sectoral coordination-for example, linking climate adaptation measures in the
energy sector with biodiversity conservation strategies.

Building on the findings of this study, several avenues for future research are apparent:

1. Expanded datasets and variable inclusion: Incorporating additional predictors, such as socio-economic
indicators, land-use change metrics, and real-time sensor data, could improve model accuracy and broaden applicability.

2. Advanced modeling techniques: Exploring ensemble methods, deep learning architectures and hybrid statistical-
Al models could reveal complex patterns not captured by simple regressions.

3. Spatially explicit modeling: Integrating Geographic Information System (GIS) analyses directly into model
frameworks would allow spatial predictions and hotspot mapping for hazards and resilience.

4. Temporal dynamics: Longitudinal datasets could enable the development of models that capture lagged effects,
seasonal variability, and long-term trends.

5. Operational integration: Collaborating with governmental and non-governmental organizations to pilot these
models in operational contexts would provide valuable feedback on usability, reliability, and impact.

The results presented in this manuscript confirm that AI methods-when applied systematically and with domain-
informed variable selection-can offer actionable insights into multiple sustainability challenges. While the specific
models employed here are deliberately simple, their performance and interpretability make them valuable as baseline
tools. The cross-domain consistency of the methodology enhances the potential for integrated environmental intelligence
systems that can simultaneously address energy efficiency, disaster risk reduction, and ecological resilience.

By situating the study within broader sustainability science priorities and acknowledging its limitations, this
discussion underscores both the immediate utility and the longer-term research potential of Al in environmental
applications. The framework proposed here represents a step toward unifying diverse environmental modeling efforts
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under a coherent Al-driven approach, ultimately contributing to more informed and timely decision-making. This is
particularly important in the face of complex global challenges.

Practical Application Scenarios: The Al models developed in this study can support real-world decision-making
across multiple environmental domains. In the energy sector, the linear regression model can assist utilities and facility
managers in short-term demand forecasting, enabling more efficient scheduling, load balancing, and operational
planning. The wildfire occurrence model provides probabilistic alerts that can be incorporated into early-warning
systems, helping civil protection agencies allocate patrols, deploy suppression resources, and issue pre-emptive public
advisories. Similarly, the ecological resilience model can guide environmental managers in identifying vulnerable
habitats, prioritizing conservation actions, and monitoring the impacts of land-use changes. By offering transparent and
easily deployable predictive tools, the proposed framework has the potential to enhance data-driven decision-making for
local authorities, environmental agencies, and policy planners.

Benchmarking Against Existing Studies: The performance achieved in this study is broadly consistent with values
reported in comparable Al-based environmental modeling research. For energy forecasting, studies employing linear or
shallow machine-learning models typically report R* values in the range of 0.80-0.90 for short-term predictive tasks [32],
which aligns with the R* of 0.87 obtained here. Logistic regression and related ML models applied to wildfire occurrence
prediction often achieve classification accuracies between 70% and 85% depending on dataset characteristics [20],
comparable to the results observed in this work. Similarly, multiple linear regression models used for ecological and
biodiversity-related assessments generally yield R* values between 0.75 and 0.90 [28], placing our performance within
the upper segment of commonly reported ranges. These comparisons indicate that the proposed models perform at levels
consistent with established baseline approaches while retaining high interpretability and computational transparency.

5. Conclusion

This study demonstrates how Al methods, when systematically applied across diverse environmental contexts, can
provide accurate, interpretable, and operationally relevant insights for sustainability challenges. By integrating linear
regression, logistic regression, and multiple regression models into three distinct domains-energy efficiency, natural
hazards management, and ecological resilience-we establish a methodological framework that is both adaptable and
reproducible.

A key contribution of this work lies in its cross-domain integration: while each thematic area has been studied
independently in the literature, this research unites them within a coherent Al-based analytical structure. This enables
comparative evaluation of model performance across fundamentally different environmental datasets and problem types,
thereby enhancing our understanding of AI’s versatility in sustainability science. The consistent interpretability of the
selected models makes them suitable for decision-making environments where transparency is as important as predictive
accuracy.

Beyond the technical results, the findings highlight the practical value of combining environmental monitoring
data, open-source computational tools, and accessible machine learning methods. In the energy efficiency case, the
methodology offers a low-cost route to short-term demand forecasting, supporting optimization strategies for resource
allocation. In natural hazard management, the probabilistic outputs of logistic regression offer an evidence-based
foundation for early-warning protocols and targeted interventions. In ecological resilience assessment, the integration of
vegetation cover, biodiversity indices, and spatial factors provides a measurable link between environmental structure
and functional stability.

The proposed methodology is particularly advantageous in scenarios where interpretability, transparency, and
computational efficiency are essential. These include applications such as municipal energy planning, early-stage
wildfire risk screening, and ecosystem monitoring programs where decision-makers require clear, traceable relationships
between variables. The framework is also well suited for contexts with limited computational resources or smaller
datasets, where complex deep learning models may provide minimal added value. However, the approach is less suitable
for highly nonlinear systems or domains requiring fine-grained spatial predictions, such as high-resolution wildfire
spread modeling or biodiversity mapping using fused multispectral imagery. In such cases, advanced machine learning
architectures-such as random forests, XGBoost, or deep neural networks-may offer superior performance. Recognizing
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these strengths and limitations helps position the proposed workflow as a reliable and adaptable baseline methodology
within the broader spectrum of Al-enabled environmental modeling.

Importantly, this research underscores the role of Al as a complement-not a replacement-to domain expertise. The
models presented here do not capture every dimension of the systems they analyze; rather, they provide quantifiable
signals that can inform expert judgment. This balance between automation and interpretation is essential for sustainable
deployment in public policy, environmental management, and infrastructure planning.

There are, however, limitations. The datasets used were publicly available and preprocessed for methodological
clarity, which means the framework has yet to be validated on noisy, real-time operational data. Additionally, the choice
of relatively simple models-while deliberate for transparency-means that some non-linear patterns and higher-order
interactions may remain unexplored. Expanding the approach to include ensemble learning or deep learning methods
could yield further gains in predictive power, provided interpretability is maintained through techniques such as
SHapley Additive exPlanations (SHAP) or Local Interpretable Model-agnostic Explanations (LIME).

Future research should focus on operational integration of such models within environmental monitoring
systems, ensuring they can handle data variability, missing values and unexpected input ranges in real time. Moreover,
interdisciplinary collaboration between Al researchers, environmental scientists, and policy-makers will be critical to
ensure that algorithmic outputs are actionable, context-aware, and ethically deployed.

In conclusion, this work offers a replicable and adaptable Al-based methodology for environmental and
sustainability analytics. By bridging three distinct thematic areas with a shared computational logic, it contributes to
a growing body of evidence that artificial intelligence-when applied judiciously-can serve as a transformative tool for
managing the complexity of socio-environmental systems in the face of global change.
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