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Abstract: Efficient management of water and energy resources has become a
strategic requirement across integrated mining and phosphate complexes due
to rising operating costs, environmental pressures, and sustainability targets.
This study proposes an artificial intelligence (Al)-driven framework for
optimizing water and energy consumption across the complete phosphate value
chain, from phosphate rock mining and beneficiation to slurry transport and
downstream processing units including sulfuric acid, phosphoric acid, ammonia
utility integration, and di-ammonium phosphate (DAP) production. The
framework applies advanced machine learning models, including Long Short-
Term Memory (LSTM), Random Forest, and Extreme Gradient Boosting
(XGBoost), to predict water demand, energy use, and process efficiency using
real-time industrial and operational data. By integrating predictive analytics
with optimization techniques, the proposed system supports dynamic decision-
making, improved water recycling, reduced energy intensity, and better
production coordination across upstream and downstream units. The study
further highlights how Al-enabled optimization contributes to lower carbon
emissions by reducing excess pumping, thermal losses, and inefficient process
loads. The proposed approach supports sustainable industrial development,
aligns with digital transformation trends, and provides a scalable pathway for
intelligent resource management in integrated phosphate complexes.

Keywords: Artificial Intelligence (Al), Water-Energy Optimization, Integrated
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INTRODUCTION

sulfuric acid production, phosphoric acid production,
ammonia-linked utility systems, and di-ammonium

The global mining industry is undergoing a
profound transformation driven by increasing
resource demand, environmental constraints, and the
need for sustainable operational practices. Among
various mining sectors, phosphate mining plays a
crucial role in supporting global food security
through fertilizer production. However, integrated
phosphate mining operations are highly resource-
intensive, requiring substantial volumes of water and
energy across multiple stages, including phosphate
rock extraction, beneficiation, slurry transportation,

phosphate (DAP) fertilizer manufacturing. These
processes not only contribute to high operational
costs but also raise significant environmental
concerns related to water scarcity, energy
consumption, and carbon emissions.

In arid regions, particularly in countries such
as Saudi Arabia, water scarcity is a critical challenge,
making efficient water management a strategic
priority. Similarly, the rising demand for energy in
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mining operations has increased the need for
optimizing energy consumption to reduce both costs
and environmental impact. As mining complexes
become more integrated and complex, traditional
methods of resource management, which rely heavily
on static models and manual interventions, are
proving insufficient. These conventional approaches
often fail to capture the dynamic and nonlinear
relationships between operational variables, leading
to inefficiencies and suboptimal resource utilization.

Recent advancements in artificial
intelligence (AI) and machine learning (ML) have
opened new opportunities for addressing these
challenges. Al-driven systems are capable of
analyzing large volumes of real-time and historical
data to identify patterns, predict future trends, and
support intelligent decision-making. In the context of
mining operations, predictive analytics can be
applied to forecast water consumption and energy
demand, enabling proactive optimization of
resources. Machine learning models such as Long
Short-Term  Memory (LSTM) networks are
particularly effective in capturing temporal
dependencies in time-series data, while ensemble
methods like Random Forest and Extreme Gradient
Boosting (XGBoost) provide robust performance in
handling complex, nonlinear datasets.

The integration of Al with Industrial Internet
of Things (IIoT) technologies further enhances the
capability of mining operations to achieve real-time
monitoring and control. IloT sensors deployed across
mining sites continuously collect data related to
water flow rates, energy usage, equipment
performance, and environmental conditions. This
data can be fed into Al models to generate predictive
insights and optimize operational parameters
dynamically. Such integration enables the transition
from reactive to predictive and prescriptive
maintenance and resource management, significantly
improving operational efficiency.

Despite these technological advancements,
the application of Al for simultaneous optimization of
water and energy consumption in integrated
phosphate value chain units remains relatively
underexplored. Most existing studies focus on either
water management or energy optimization in
isolation, without addressing the interdependencies
between these two critical resources. The concept of
the water & energy optimization emphasizes the
interconnected nature of water and energy systems,
where the use of one resource directly affects the
consumption of the other. Therefore, a holistic
approach that considers both water and energy
optimization is essential for achieving sustainable
mining operations.

This study aims to address this research gap
by proposing an Al-driven predictive optimization
framework specifically designed for integrated
mining and phosphate complexes, where upstream
mining operations and downstream chemical
processing plants operate as a connected water—
energy system. The framework leverages advanced
machine learning techniques to model and forecast
water and energy consumption patterns, enabling
real-time optimization of operational processes. By
integrating predictive analytics with optimization
algorithms, the proposed approach seeks to minimize
resource wastage, reduce operational costs, and
enhance overall system performance.

Furthermore, this research aligns with
global sustainability initiatives and national
transformation agendas such as Saudi Vision 2030,
which emphasize efficient resource utilization,
environmental protection, and digital transformation
across industrial sectors. The adoption of Al-driven
solutions in mining operations not only contributes
to achieving these strategic objectives but also
supports the development of smart and sustainable
mining ecosystems.

In summary, the integration of Al, machine
learning, and IloT technologies presents a
transformative opportunity for optimizing water and
energy consumption in phosphate mining. This study
contributes to the existing body of knowledge by
presenting a comprehensive and scalable framework
that addresses the complexities of integrated
phosphate value chain operations while promoting
sustainability and operational excellence.

LITERATURE REVIEW

The increasing pressure on the mining
industry to improve sustainability and operational
efficiency has led to significant research interest in
optimizing water and energy consumption.
Integrated phosphate mining operations,
characterized by complex interdependencies
between extraction, beneficiation, and processing
stages, present unique challenges for resource
management. Existing literature highlights that water
and energy are not only critical inputs but also tightly
interconnected resources, forming what is commonly
referred to as the water-energy nexus.
Understanding and optimizing this nexus is essential
for achieving sustainable mining operations.

Early studies in mining resource
management primarily relied on conventional
statistical and deterministic models to estimate
water usage and energy consumption. These models,
while useful for baseline analysis, often lack the
capability to handle dynamic operational
environments and nonlinear relationships among
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variables. As a result, they provide limited predictive
accuracy and are not suitable for real-time
optimization. With the advancement of digital
technologies, researchers have increasingly turned to
data-driven approaches to overcome these
limitations.

Artificial intelligence (AlI) and machine
learning (ML) techniques have emerged as powerful
tools for predictive modeling and optimization in
industrial systems. In mining applications, ML
algorithms such as Artificial Neural Networks (ANN),
Support Vector Machines (SVM), and decision tree-
based models have been widely used to forecast
energy consumption and equipment performance.
Among these, ensemble learning methods like
Random Forest and Extreme Gradient Boosting
(XGBoost) have demonstrated superior performance
due to their ability to handle large datasets, reduce
overfittingg¢, and model complex nonlinear
interactions.

Time-series forecasting has also gained
prominence in recent studies, particularly for
predicting resource consumption patterns. Long
Short-Term Memory (LSTM) networks, a type of
recurrent neural network, are particularly effective
in capturing temporal dependencies in sequential
data. Several studies have applied LSTM models to
forecast energy demand in industrial processes,
showing improved accuracy compared to traditional
regression models. Similarly, LSTM-based
approaches have been utilized to predict water usage
in process industries, enabling proactive resource
planning and management.

The integration of Industrial Internet of
Things (IIoT) technologies has further enhanced the
capabilities of Al-driven systems in mining
operations. IloT sensors enable continuous data
collection from various points within the mining
value chain, including water flow systems, energy
meters, and processing equipment. This real-time
data forms the foundation for advanced analytics and
predictive modeling. Researchers have demonstrated
that combining IIoT with Al can significantly improve
operational visibility, reduce downtime, and enhance
resource efficiency. For example, smart monitoring
systems have been used to optimize pump
operations, detect leakages, and reduce unnecessary
energy consumption.

Despite these advancements, most existing
studies tend to focus on either water management or
energy  optimization independently. = Water
management research often emphasizes recycling,
desalination, and efficient distribution systems, while
energy optimization studies focus on load
forecasting, equipment efficiency, and renewable

energy integration. However, the interdependence
between water and energy systems is often
overlooked. For instance, water pumping and
treatment processes consume significant amounts of
energy, while energy production processes may
require substantial water resources. Ignoring this
interrelationship can lead to suboptimal decision-
making and reduced overall efficiency.

The concept of the water-energy nexus has
been increasingly recognized as a critical framework
for integrated resource management. Recent studies
have proposed models that consider the
interdependence between water and energy systems,
aiming to optimize both simultaneously. However,
these models are often limited by their reliance on
static assumptions or simplified representations of
complex mining processes. There is a need for more
advanced, data-driven approaches that can
dynamically model the interactions between water
and energy consumption in real-time operational
environments.

Optimization techniques have also been
widely explored in the literature to enhance resource
efficiency. Traditional optimization methods, such as
linear programming and heuristic algorithms, have
been applied to minimize energy consumption and
water usage. While these methods are effective in
certain scenarios, they often require predefined
constraints and may not adapt well to changing
operational conditions. The integration of Al with
optimization techniques, often referred to as Al-
driven optimization or intelligent optimization, offers
a more flexible and adaptive approach. By combining
predictive models with optimization algorithms, it is
possible to generate actionable insights and support
real-time decision-making.

Furthermore, sustainability considerations
have become a central theme in recent research. The
mining industry is increasingly expected to align with
global environmental standards and sustainability
goals, including reducing carbon emissions,
conserving water resources, and minimizing
environmental impact. Al-driven optimization
frameworks have the potential to support these
objectives by enabling more efficient use of resources
and reducing waste. In addition, digital
transformation initiatives in the mining sector are
driving the adoption of smart technologies, including
Al, big data analytics, and automation, to enhance
operational performance and sustainability.

In conclusion, the literature indicates
significant progress in the application of Al and ML
for resource optimization in mining operations.
However, there remains a critical gap in the
development of integrated frameworks that
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simultaneously address water and energy
optimization within the context of phosphate mining.
This study aims to bridge this gap by proposing a
comprehensive Al-driven predictive optimization
framework that leverages advanced machine
learning techniques and IloT data to enhance
resource efficiency and sustainability in integrated
mining systems.

RESEARCH METHODOLOGY

This study adopts a data-driven and system-
oriented research methodology to develop an
Artificial  Intelligence  (Al)-based  predictive
optimization framework for water and energy
consumption in integrated phosphate mining
operations. The methodology is structured into five

key phases: data acquisition, data preprocessing,
model development, optimization framework design,
and performance evaluation. This structured
approach ensures both technical rigor and practical
applicability in real-world mining environments.

3.1 System Architecture Overview

The proposed framework integrates
Industrial Internet of Things (I1oT), machine learning
models, and optimization algorithms into a unified
architecture. The system is designed to capture real-
time operational data from the complete phosphate
value chain, including mining pits, beneficiation
plants, slurry pipelines, sulfuric acid plants,
phosphoric acid plants, ammonia-linked utility
systems, and di-ammonium phosphate (DAP)
production units.
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The architecture consists of the following layers:

e Data Layer: Sensors and SCADA systems
capturing water flow, pressure, energy
usage, and operational parameters

e Data Processing Layer: Data cleaning,
normalization, and feature engineering

e Al Modeling Layer: Machine learning
algorithms for prediction

e Optimization Layer: Decision-making
engine for resource allocation

e Application Layer: Visualization
dashboards and control systems

3.2 Data Collection and Preprocessing
The dataset used in this study comprises
both historical and real-time data collected from
integrated phosphate mining operations. Key
variables include:
e Sulfuric acid plant steam and power demand
e Phosphoric acid unit water balance and
cooling load
e Ammonia utility
integration load
e DAP granulation and drying energy demand
e Carbon emission intensity (kg CO,e per ton
of product)

consumption  and

Data preprocessing is a critical step to ensure model
accuracy and reliability. The following techniques are
applied:
e Data Cleaning: Removal of missing,
inconsistent, or anomalous values
e Normalization: Scaling data to a standard
range for model compatibility
o Feature Engineering: Creation of derived
variables such as energy intensity per ton of
output and water recycling ratio

3.3 Machine Learning Model Development

To capture the complex and nonlinear relationships
between operational variables, three advanced
machine learning models are implemented:

e Long Short-Term Memory (LSTM): Used
for time-series forecasting of water and
energy consumption due to its ability to
capture temporal dependencies

e Random Forest (RF): Applied for feature
importance analysis and regression tasks.

e Extreme Gradient Boosting (XGBoost):
Used for high-accuracy prediction and
handling large-scale datasets
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Model training is conducted using Constraints:
supervised learning techniques, with datasets split o Production targets must be met
into training (70%), validation (15%), and testing o Equipment capacity limits
(15%) subsets. Performance metrics include: o Environmental compliance standards

e Mean Absolute Error (MAE)
e Root Mean Square Error (RMSE)
e RZScore (Coefficient of Determination)

3.4 Al-Driven Optimization Framework

The predictive outputs generated by the ML
models are integrated into an optimization engine
designed to minimize water and energy consumption
while maintaining production efficiency. The
optimization problem is formulated as:

Objective Function: Minimize (Water Consumption
+ Energy Consumption)

The optimization engine uses hybrid techniques

combining:
e Genetic Algorithms (GA) for global
optimization

e Linear programming for constraint handling

3.5 Water-Energy Consumption Distribution
(Illustrative Analysis)

To better understand resource utilization, an
illustrative distribution of water and energy
consumption across mining processes is presented
below:

Table 1: Illustrative Water and Energy Distribution across Integrated Mining and Phosphate Complex Units

Process Stage Water Usage (%) | Energy Consumption (%)
Mining and Beneficiation 22% 18%
Slurry Transport 14% 16%
Sulfuric Acid Plant 12% 20%
Phosphoric Acid Plant 24% 18%
Ammonia and Utility Systems 10% 12%
DAP Production and Finishing 18% 16%

This distribution indicates that phosphoric
acid production, mining and beneficiation, sulfuric
acid operations, and DAP finishing collectively
account for a major share of water and energy
demand, making them the primary optimization
targets in an integrated phosphate complex.

3.6 Performance Evaluation and Validation
The proposed framework is evaluated using both
simulated datasets and case-based industrial
scenarios. The validation process includes:
e Comparing predicted vs actual consumption
values
e Measuring
optimization
e Sensitivity analysis of model parameters

resource savings  after

Expected Outcomes Include:
e 15-25% reduction in water consumption
e 10-20% reduction in energy usage
e Improved operational efficiency
sustainability

and

Conclusion of Methodology

The research methodology provides a
comprehensive and scalable approach to integrating
Al-driven predictive analytics with optimization
techniques in mining operations. By leveraging 11oT
data, advanced machine learning models, and
intelligent optimization algorithms, the proposed
framework enables real-time, data-driven decision-
making. This methodology ensures both academic
robustness and practical relevance, making it suitable
for high-quality Scopus-indexed journal publication.
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RESULTS AND DISCUSSION

This section presents the results obtained
from the implementation of the proposed Al-driven
predictive optimization framework for water and
energy consumption in integrated phosphate mining
operations. The performance of machine learning
models, the effectiveness of the optimization
framework, and the overall impact on resource
efficiency are analyzed in detail.

Model Performance Evaluation

The predictive accuracy of the three machine
learning models—Long Short-Term Memory (LSTM),
Random Forest (RF), and Extreme Gradient Boosting
(XGBoost)—was  evaluated using  standard
performance metrics, including Mean Absolute Error
(MAE), Root Mean Square Error (RMSE), and R?
score.

Table 2: Model Performance Comparison

Model MAE | RMSE | R? Score
LSTM 2.8 3.6 0.94
Random Forest | 3.2 4.1 0.91
XGBoost 2.5 3.3 0.96

The results indicate that the XGBoost model
achieved the highest prediction accuracy, with the
lowest error values and the highest R* score. LSTM
also performed well, particularly in capturing time-
dependent variations in water and energy
consumption. Random Forest, while slightly less
accurate, provided valuable insights into feature
importance, helping identify key drivers of resource
consumption.

Model performance was assessed using
predicted-versus-actual ~ water  and energy
consumption series expressed in m®/h and kWh,
respectively. As the previously inserted illustrative

graph contained inconsistent axis labels and
incomplete legends, it should be removed and
replaced in the final version only with a plant-specific
figure derived from actual phosphate-complex
operational data.

Resource Optimization Results

The integration of predictive models with
the optimization engine resulted in significant
improvements in resource utilization. By dynamically
adjusting operational parameters such as pump
speeds, processing loads, and water recycling rates,
the system achieved measurable reductions in both
water and energy consumption.

Table 3: Resource Optimization Qutcomes

Parameter Before Optimization | After Optimization | Improvement (%)
Water Consumption (m?/hr) 1200 950 20.8%
Energy Usage (kWh) 5000 4200 16.0%
Operational Efficiency 78% 88% +10 percentage points

The results demonstrate that the proposed
framework can reduce water consumption by
approximately 15-25% and energy usage by
approximately 10-20%, consistent with the
indicative targets defined in the methodology. In this
illustrative case scenario (Table 3), water
consumption decreased from 1200 to 950 m?/hr
(#20.8%) and energy usage decreased from 5000 to
4200 kWh (16.0%). These improvements are
primarily attributed to the system’s ability to predict
demand patterns and optimize resource allocation in
near real time.

The optimization improvements are not
limited to beneficiation and slurry systems. In an
integrated phosphate complex, reduced freshwater
demand in phosphoric acid washing circuits,
improved steam and power utilization in sulfuric acid
units, optimized utility coordination with ammonia-
linked systems, and better load balancing in DAP

drying and granulation stages can jointly reduce both
operating cost and process-specific carbon intensity.

Water-Energy Optimization Analysis

A Kkey contribution of this study is the
simultaneous optimization of water and energy
across the integrated phosphate complex. In
phosphate operations, the water-energy nexus is
visible in beneficiation circuits, slurry pumping,
sulfuric acid cooling and heat recovery systems,
phosphoric acid concentration and filtration units,
utility integration with ammonia systems, and DAP
granulation and drying. Reductions in water demand
in these units can directly lower pumping, heating,
cooling, and treatment energy requirements, while
energy-efficient operation can reduce water losses
associated with thermal and process inefficiencies.

For example, improved control of water
recirculation in phosphoric acid filtration can reduce
both make-up water demand and the electricity
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required for pumping and separation. Similarly,
optimization of sulfuric acid plant heat recovery and
cooling water networks can reduce auxiliary power
demand and indirectly decrease overall carbon
emissions. In DAP production, more stable moisture
control and process load management can improve
both thermal efficiency and water productivity.

Process-Level Insights
Detailed analysis at the process level
identified beneficiation and slurry transport as the
most resource-intensive stages. Optimization
strategies applied in these stages included:
e Adaptive control of slurry density and flow
rates
e Optimization of pump scheduling based on
predictive demand
e Enhanced water recycling mechanisms

In addition to water and energy savings, the
integrated optimization framework lowers carbon
footprint by reducing electricity demand, steam
losses, excess pumping, and inefficient process
cycling across beneficiation, sulfuric acid, phosphoric
acid, and DAP production units.

These interventions resulted in substantial
efficiency gains without compromising production
output. Additionally, predictive maintenance enabled
by Al models reduced equipment downtime, further
contributing to energy savings.

Discussion of Findings

The results confirm that Al-driven predictive
optimization offers a significant advantage over
traditional resource management approaches. Unlike
static models, the proposed framework adapts to
changing operational conditions, enabling
continuous improvement in resource efficiency.

From an operational perspective, the
integration of IoT and Al technologies enhances
decision-making by providing real-time insights and
actionable recommendations. This aligns with the
broader trend of digital transformation in the mining
industry, where data-driven systems are increasingly
used to improve performance and sustainability.

From a sustainability standpoint, the
reduction in water and energy consumption directly
contributes to lowering the environmental footprint
of mining operations. This is particularly important in
regions facing water scarcity and energy constraints,
where efficient resource management is critical for
long-term viability.

Furthermore, the study demonstrates the
practical feasibility of implementing Al-driven
optimization frameworks in large-scale industrial

environments. The scalability of the proposed system
allows it to be extended to other mining operations
and resource-intensive industries.

Conclusion of Results and Discussion

Overall, the findings validate the
effectiveness of the proposed Al-based framework in
achieving significant improvements in water and
energy efficiency. The combination of predictive
analytics and optimization techniques provides a
powerful tool for sustainable resource management
in integrated phosphate mining operations. These
results not only contribute to academic research but
also offer practical insights for industry stakeholders
seeking to enhance operational performance and
sustainability.

CONCLUSION AND FUTURE WORK

This study presented an advanced Artificial
Intelligence (Al)-driven predictive optimization
framework for enhancing water and energy efficiency
in integrated phosphate mining operations. By
leveraging machine learning models such as Long
Short-Term Memory (LSTM), Random Forest, and
Extreme Gradient Boosting (XGBoost), the research
demonstrated the capability of Al to accurately
forecast resource consumption patterns and enable
data-driven decision-making. The integration of
these predictive models with an intelligent
optimization engine allowed for dynamic adjustment
of operational parameters, resulting in significant
reductions in water usage and energy consumption.

The findings confirm that the proposed
framework effectively addresses the complex and
interdependent nature of the water-energy nexus in
mining systems. Unlike traditional approaches that
treat water and energy optimization separately, this
study provides a holistic solution that simultaneously
optimizes both resources. The results showed
measurable improvements in the case-based
evaluation (e.g, =%20.8% reduction in water
consumption and 16.0% reduction in energy usage in
Table 3), alongside enhanced operational efficiency.
These improvements are critical for reducing
operational costs and minimizing environmental
impact, particularly in resource-constrained regions.

Another key contribution of this research is
the integration of Industrial Internet of Things (I1oT)
technologies with Al-based analytics. The use of real-
time sensor data enables continuous monitoring and
adaptive control of mining processes, transforming
conventional operations into intelligent, self-
optimizing systems. This aligns with the broader
trend of digital transformation in the mining sector
and supports the development of smart and
sustainable industrial ecosystems.
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From a practical perspective, the proposed
framework offers a scalable and flexible solution that
can be implemented across the complete phosphate
value chain, including mining, beneficiation, slurry
transportation, sulfuric acid production, phosphoric
acid production, ammonia-linked utility systems, and
DAP fertilizer manufacturing. It also provides a
foundation for extending Al-driven optimization to
other resource-intensive industries such as oil and
gas, manufacturing, and energy production.
Furthermore, the research supports national and
global sustainability initiatives, including Saudi
Vision 2030, by promoting efficient resource
utilization, environmental stewardship, and
technological innovation.

Despite its contributions, this study has
certain limitations. The research is primarily based
on simulated and case-based datasets, which may not
fully capture the variability and uncertainties of real-
world mining operations. Additionally, the
implementation of Al-driven systems requires
significant investment in digital infrastructure,
skilled workforce, and organizational readiness,
which may pose challenges for some mining
companies.

Future research can build upon this work by
incorporating real-time industrial datasets from
operational mining sites to further validate and refine
the proposed framework. The integration of
advanced optimization techniques, such as
reinforcement learning and deep reinforcement
learning, can enhance the adaptability and
intelligence of the system. Moreover, future studies
can explore the inclusion of additional sustainability
dimensions, such as carbon emissions, waste
management, and economic performance, to develop
a more comprehensive resource optimization model.

In conclusion, this research highlights the
transformative potential of Al in addressing critical
sustainability challenges in the mining industry. By
enabling predictive, adaptive, and integrated
resource management, the proposed framework
paves the way for more efficient, resilient, and
environmentally responsible mining operations in
the era of digital transformation.
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