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Abstract

Energy efficiency is widely recognized as a critical strategy for reducing energy consump-
tion in industrial systems. Improving energy efficiency has become a central point in
industrial systems aiming to reduce energy consumption and operational costs. Industrial
air compressors are among the most energy-intensive assets and often operate under static
control policies that fail to adapt to real-time dynamics. This paper proposes a cognitive
digital twin (CDT) framework that integrates reinforcement learning as, especially, a Proxi-
mal Policy Optimization (PPO) agent into the virtual replica of the air compressor system.
CDT learns continuous from multidimensional telemetry which includes power, outlet
pressure, air flow, and intake temperature, enabling autonomous decision-making, fault
adaptation, and dynamic energy optimization. Simulation results demonstrate that PPO
strategy reduces average SEC by 12.4%, yielding annual energy savings of approximately
70,800 kWh and a projected payback period of one year. These findings highlight the CDT
potential to transform industrial asset management by bridging intelligent control.

Keywords: proximal policy optimization; cognitive digital twin; compressor control;
specific energy consumption; reinforcement learning

1. Introduction
Industrial air compressors are among the most energy-intensive assets, often account-

ing for a significant portion of up to 30% total electricity consumption in certain facilities [1].
Despite their ubiquity, typically based on rule-based logic that lack the adaptability re-
quired to respond to dynamic operating conditions such as fluctuating air demand, ambient
temperature, and mechanical degradation. This rigidly leads to elevated Specific Energy
Consumption (SEC), with papers reporting 10–15% excess energy usage compared to adap-
tive control methods [2]. Moreover, traditional digital twins primarily serve as passive
simulation tools, replicating physical behavior without embedded intelligence. These
traditional twins fall short in enabling real-time decision-making, fault adaptation, or
autonomous learning, which are essential for optimizing performance.

Recent advancements in artificial intelligence, particularly reinforcement learning (RL),
offer a transformative approach to compressor control. Rizki et al. [3] utilized Proximal
Policy Optimization (PPO) to address the economic dispatch challenge in power systems,
successfully reducing costs by as much as 7.3% while managing intricate operational
constraints. Similarly, Upadhyay et al. [4] developed an energy management system for in-
dustrial microgrids using PPO combined with load forecasting, resulting in a 20% monthly
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saving under dynamic pricing schemes, demonstrating a 43% reduction in operational
costs while maintaining system stability. Proximal Policy Optimization is a state-of-the-art
RL algorithm that enables agents to learn optimal control strategies through continuous
interaction with the environment. Leveraging actor-critic architectures, PPO agents can
evaluate the long-term impact of actions and intelligently adjust the compressor power to
minimize the SEC. This learning-based approach allows for real-time adaptation to load
variability and system constraints, with capabilities that traditional policies cannot match.

Enhancing the energy efficiency of air compressor systems is crucial for optimizing in-
dustrial operations, as these systems frequently represent a large share of a facility’s overall
energy usage. Compressed air is widely used across industries to power pneumatic tools,
control automation equipment, and support various manufacturing processes [5]. How-
ever, inefficient air-compressor systems can lead to excessive energy waste. Improving the
energy efficiency of air compressors involves optimizing the system design, implementing
advanced control strategies, and adopting predictive maintenance practices. Innovations
such as digital monitoring and smart control algorithms enable real-time adjustments to
match air demand and reduce unnecessary energy use [6].

Recent developments in digital technology have given rise to the concept of the Digital
Twin (DT), which is a virtual model of physical systems that facilitates real-time monitoring,
simulation, optimization, and semi-physical commissioning. In industrial settings, semi-
physical commissioning incorporates software-in-the-loop (SiL) methods to verify and
adjust control logic before it is implemented. This strategy allows for the concurrent
validation of both virtual and physical interfaces. Digital Twins contribute to reducing
energy usage, improving system efficiency, and allowing for the early identification of
performance issues.

One promising approach is DT technology for the use in compressed air systems,
where it enables the validation of design performance and supports energy-aware control
strategies. These systems are particularly energy-intensive, and DTs have demonstrated
measurable improvements in specific energy consumption (SEC) [7]. Over time, the conven-
tional DT framework has advanced to include cognitive abilities, turning passive models
into intelligent agents. This progression involves incorporating artificial intelligence (AI)
and machine learning (ML) algorithms, enabling the DT to independently learn from
telemetry, adjust to malfunctions, and enhance decision-making in real-time. A DT is
primarily concerned with the real-time synchronization and simulation of physical assets
to facilitate monitoring and control [8].

This paper addresses a critical gap in industrial energy management by proposing
a reinforcement learning-based control strategy for air compressors. This is one of the
most power-hungry components in manufacturing and processing systems. Compressors
often operate under fluctuating load conditions; however, traditional control policies
remain rigid, relying on static thresholds and manual tuning. These limitations not only
lead to excessive energy consumption but also hinder the ability to respond to dynamic
system degradation and real-time operational constraints. With industries under mounting
pressure to cut carbon emissions and enhance energy efficiency, there is a pressing demand
for smart and adaptable control systems that surpass traditional logic.

This study is important because it incorporates Proximal Policy Optimization (PPO)
into a Digital Twin (DT) framework to develop and implement optimal compressor control
strategies. By simulating numerous operational scenarios, the PPO agent gains a detailed
understanding of how to adjust power in response to different conditions, thereby reducing
Specific Energy Consumption (SEC) while ensuring the system remains reliable. Unlike
static policies, the PPO approach is data-driven, scalable, and capable of generalizing across
different compressor models and industrial setups. This positions the methodology not



Technologies 2025, 13, 519 3 of 15

only as a technical innovation but also as a practical solution for real-world deployment in
energy-critical settings.

Moreover, this study contributes to the broader field of CDTs by demonstrating how
reinforcement learning can be embedded into simulation-based control systems to achieve
measurable performance gains. It offers a replicable framework for benchmarking RL
algorithms, validating control strategies, and visualizing policy behaviors. All of these are
essential for bridging academic research with industrial applications. By showcasing the
PPO ability of the agent to outperform traditional policies in both training and operational
scenarios, this study provides compelling evidence for the adoption of AI-driven control in
compressor systems and sets the stage for future research in intelligent energy optimization.

2. Materials and Methods
This study focuses on optimizing the power consumption of industrial air compressors

using a reinforcement learning framework. The system comprises a simulated multi-
compressor environment modeled as a DT, where the compressor dynamics, including the
power input, are governed by discrete-time state transitions. The simulation environment
was developed in Google Colab using Python 3.11.0, leveraging NumPy for numerical
operations and Matplotlib for visualization.

2.1. Physical Modeling

DT incorporates a reduced-order thermodynamic model that represents the dynamics
of the compressor behavior. The model captures the relationship between pressure, mass
flow, temperature, and electrical power consumption using energy and mass balance equa-
tions. The governing equations were implemented in Python, allowing a real simulation
of the state of the operating compressor. Figure 1, air compressor at the industrial opera-
tion plant, the specific energy consumption balance set out in Equation (1) as the general
scenario and Equation (2) as the compressor scenario [9,10].

SEC =
Eenergy Input (kWh)

.
EOutput (Units or flow)

(1)

 

Figure 1. Schematic representation of the compressor power input adapted from Cui et al. [11].

For an industrial air compressor, the relevant energy consumption is [9]:

SECcompressor =
Eenergy Input (kWh)

.
EOutput (Units or flow)

(2)
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In Equation (2), the specific energy consumption measures the amount of energy
used to produce one cubic meter of compressed air. A lower SEC indicates better energy
efficiency. This consumption is influenced by the power consumed by the air delivered per
unit time.

As shown in Figure 1, compressors are designed to convert electrical energy into
compressed air. The physical compressor was connected to the sensors in the digital model.
In the digital model, compressed air was observed in real time. Artificial Intelligence (AI)
and machine learning are used to recommend and predict uncertainties.

2.2. Reinforcement Learning Framework

Reinforcement learning (RL) is structured around a Markov Decision Process (MDP),
characterized by the tuple (S, A, P, R, γ). Here, S signifies the state space, A indicates the
action space, P: S X A X S → [0,1] represents the probability function for state transitions,
R: S X A → R is the function for rewards, and γ ∈ [0,1] serves as a discount factor for future
rewards. The cognitive layer employs reinforcement learning (RL) to enable adaptive and
self-optimizing control over the compressor parameters. The RL agent interacted with the
simulated compressor environment and learned a policy to minimize the specific energy
consumption (SEC). These elements are defined as follows.

Where

• State space S: The state describes the current situation in the environment.
• Action space A: An action is something that an agent must decide which action to take

in which state.
• The state transition probabilities P are as follows:
• Reward function R: The reward is either a positive or negative number that the agent

receives from the environment.
• Discount factor γ: This balances the immediate energy efficiency optimization with

long-term stability.

The aim of RL is to identify a policy π: S → A that optimizes the anticipated total
discounted reward.

2.2.1. State (S)

The states should represent the system conditions. For a compressor:

st = [P t, Pout, t, Qt, Tin, t]

where

• Pt = Compressor power at time t
• Pout = Outlet pressure bar
• Qt = Air flow rate (m3/min)
• Tin = Intake temperature (◦C)

2.2.2. Action (A)

Actions represent control adjustments.

αt = ∆ Pt

Or a discrete set:
A = {increase power, decrease power, maintain power}

2.2.3. Transition Probabilities (P)

The system dynamics define how the states evolve.
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P (St + 1 | St, αt)

For industrial compressors, transitions may be stochastic because of load variations
and sensor noise.

2.2.4. Reward Function (R)

Rewards should encourage energy efficiency.

R(St, St) = −SECt = − Et

Qt

• Negative SEC: A lower energy per unit output is better.
• Optional: Add penalties for violating operational constraints:

R (St, αt)= −SECt= −λ. Constraint violation

2.2.5. Discount Factor (γ)

γ Є [0, 1] balances immediate and future efficiency.
For continuous operations: γ ≈ 0.9
For short-term optimization: γ ≈ 0.5

3. Proximal Policy Optimization
Proximal policy optimization (PPO) is a reinforcement learning technique aimed at

training intelligent agents to make decisions through interaction with their environment.
This algorithm is part of the value-based and gradient algorithm family, which focuses
on directly optimizing the agent’s policy to maximize anticipated rewards. It is a specific
variant of the actor-critic algorithm, enhancing the actor-critic framework with a unique
modification. As a model-free, on-policy algorithm, it enhances learning stability by limit-
ing the degree of policy change during each update. This is achieved through a clipped
surrogate objective, which prevents the agent from making excessively aggressive updates
that could disrupt policy learning. Consequently, the actor component is tasked with gen-
erating system actions, represented by the policy πθ, and parameterized by θ. Meanwhile,
the critic component assesses the system’s state value function (Vµ(Sk) (Figure 2). The critic
evaluates the agent’s, Vµ actions using the value function parameterized by µ. It employs
the Q-value function to estimate the expected cumulative reward. The critic’s output is
then utilized by the actor to refine policy decisions, resulting in improved returns.

 

Figure 2. Actor-critic architecture with PPO for SEC minimization Adapted from Alonso et al. [12].
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As depicted in Figure 2, both modules receive the state space at time, k as their input.
Additionally, the critic module takes a reward as a secondary input. The outputs from
the critic module serve as inputs for the actor module, which uses them to modify the
policy. The actor module’s output is the action over time, k, in accordance with the policy,
πθ. PPO employs an extended function to iteratively refine the target function, Lclip by
clipping the objective function, ensuring the new policy remains close to the previous one.
These updates are constrained to prevent significant policy changes and to enhance training
stability. Equation (3) presents the PPO-clip update policies [13].

θk+1 = argθ maxEs, a ∼ πθk

[
Lclip(s, a, θk , θ)

]
(3)

In Equation (4), the surrogate advantage function is defined as per Lclip(s, a, θk , θ) [14].
This function evaluates the effectiveness of the new policy, πθ in relation to the previous
policy πθk

[15].

Lclip (s, a, θk , θ] = ( min (
πθk (s|a)
πθk (s|a) Âθ (s, a), clip

(
πθk (s|a)
πθk (s|a) , 1 − Є , 1 + Є 

)
Âθ (s, a) (4)

In this context, Є serves as a hyperparameter aimed at minimizing policy fluctuations.
In Equation (5), Â(s, a) represents an advantage function, which evaluates the discrepancy
between the anticipated reward from the Q-function and the average reward derived from
the value function V(s) of a policy πθ (s|a). The purpose of the advantage function is to
offer a relative assessment (average) of an action’s effectiveness rather than an absolute
value [16,17].

Âθ (s, a) = Q (s, a) − V (s) (5)

Equation (6) offers a simplified form of Equation (4), as referenced in [18].

Lclip (s, a, θk , θ] = (min (
πθk (s|a)
πθk (s|a) Âθ (s, a), g

(
Є , Âθ (s, a)

) )
(6)

where g
(
Є , Âθ(s, a)

)
is defined in Equation (7) [19]:

g
(
Є , Âθ (s, a)

) )
=

{
(1 + ϵ) Âθ , Âθ ≥ 0
(1 − ϵ) Âθ , Âθ < 0

(7)

Equation (7) shows that a positive advantage function is associated with superior
results. Conversely, when the advantage function value is negative, it suggests that the
actor should explore alternative actions to enhance policy effectiveness.

4. Implementation of PPO for Air Compressor Optimization
Energy Efficiency

This section describes the method employed to apply proximal policy optimization for
controlling the energy consumption of air compressors. Focusing on the practical aspects
of transforming the theoretical PPO model into a feasible solution for improving energy
efficiency, this study addresses the challenges related to air compressors. PPO typically
employs neural networks to represent both the policy and value functions. In situations
with continuous action spaces, the policy network produces the parameters of over action:

4.1. Neural Network Architecture

The reinforcement learning framework utilizes a dual-network setup, comprising
a policy network (actor) and a value network (critic), both of which are implemented
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through fully connected feedforward neural networks. These networks are crafted to
handle multidimensional state inputs and make general control decisions aimed at reducing
the specific energy consumption (SEC) of industrial air compressors.

4.1.1. Policy Network Architecture (Actor)

The actor network consists of three fully connected layers with 64, 128, and
164 neurons, respectively. Each layer uses the ReLU (Rectified Linear Unit) activation
function to introduce non-linearity and accelerate converge. The output layer uses SoftMax
activation for discrete action spaces for continuous control.

4.1.2. Critic Network Architecture (Value)

The critic network mirrors the structure of actors, with three layers of 64, 128, and
64 neurons, and use ReLU activations throughout. The final output is scalar value repre-
senting the estimated state value V(s).

4.1.3. Action Space

In this paper, the action space is characterized as discrete, offering three potential ac-
tions: increasing power, reducing power, and maintaining power. This approach simplifies
the control logic and is consistent with the operational protocols of industrial compressors.

4.1.4. Hyperparameter Selection

The hyperparameters such as learning rates (αθ = 3 × 10−4, αµ = 1 × 10−3), ϵ = 0.2,
γ = 0.99, batch size = 64) were selected based on empirical tuning and benchmarking against
similar reinforcement learning implementations in industrial energy optimization. These
values were validated through analysis to ensure training stability and policy convergence.

4.2. Training Algorithm

The training process consists of gathering trajectories, calculating advantages, and
updating both networks using the clipped objective and value loss. This procedure adheres
to the PPO algorithm, with several modifications tailored for the air-compressor issue.
Algorithm 1 outlines the entire training process for implementing PPO in the context of the
air-compressor problem.

Algorithm 1 illustrates how the algorithm is implemented.

Algorithm 1: The Pseudocode for SEC Minimization is the PPO Actor-Critic

Initialize:
Policy parameters θ(actor) and value parameters ϕ(critic)
Set clipping threshold ε(0.2), discount factor γ, and learning rates

for iteration = 1 to N do
# Step 1: Collect trajectories

for t = 1 to T do
Observe state st = [Pt, Ft] # Power
Sample action at ∼ πθ(at | st)

Execute action at in the environment
Receive reward rt = −SECt

◦ # Negative Specific Energy Consumption
Store transition (st, at, rt, πθ(at | st))

end for
This step generates the data that the AI uses to adjust the power setpoint in

the table.
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Algorithm 1: Cont.

# Step 2: Compute returns and advantages
for t = 1 to T do
Estimate value Vµ(st)

Compute empirical return
Rt = ∑T−t

k=0 γkrt+k

Compute advantage
At = Rt − Vµ(st)

end for
The advantage indicates how much better the chosen action is than expected.

# Step 3: Update policy using PPO clipped objective
for t = 1 to T do
Compute probability ratio

rt =
πθ(at |st)

πθold
(at |st)

Compute clipped surrogate loss

Lclip = min(rt At, clip(rt, 1 − ε, 1 + ε)At)

end for
Update actor parameters θ using gradient ascent on Lclip.
This ensures that the AI gradually adjusts the power to the optimal value for

energy efficiency.
# Step 4: Update value function

for t = 1 to T do
Compute value loss

Lvalue =
(
Vµ(st)− Rt)2

end for
Update critic parameters ϕ using gradient descent on Lvalue

end for
This allows the AI to better predict the value of each power flow state, refining

future action choices.
Output:
An optimized actor-critic network capable of dynamically adjusting compress

operational settings to minimize Specific Energy Consumption (SEC).

4.3. Cognitive Layer Integration

To transition from a conventional DT to a CDT, this paper integrates a reinforcement
learning agent into the simulation framework, enabling the system to exhibit intelligent
behavior beyond passive monitoring. The cognitive layer is defined by two core capabilities:
autonomous learning and dynamic decision optimization, each of which contributes the
ability of the system to self-improve and respond to operational variability.

• Autonomous Learning: the embedded Proximal Policy Optimization (PPO) agent
continuously interacts with the simulated compressor environment, learning optimal
control policies without human intervention. Through iterative feedback and policy re-
finement, the agent adapts to changing load conditions and discovers energy-efficient
strategies that outperform static rule-based logic. This learning process is guided by
a reward function that penalizes high specific consumption (SEC), thereby aligning
agent behavior with energy optimization goals.

• Fault adaptation: The agent develops resilience and can autonomously adjust control
actions to maintain system stability.
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• Dynamic decision optimization: The actor-critic architecture enables the agent to
balance immediate energy savings with future operational reliability, resulting in
intelligent, context-aware decision-making.

These cognitive features are embedded within the DT control loop, transforming it
from a virtual replica into a self-optimization system capable of learning, adapting, and
improving over time.

5. Practical Implementation
In this part, the SEC, which includes an air compressor with both power input and air

delivery, is addressed using a PPO algorithm. The SEC has two main goals: (i) to reduce
the power input of the air compressor and (ii) to ensure the compressor functions within
safe limits.

Dataset Description

The study employs real telemetry data (see Supplementary Materials S1 and S2) from
industrial air compressors, collected over the period from January 2024 to December 2025.
To enhance the model’s ability to generalize and ensure robust training, a stratified subset
comprising 500 representative records has been implemented. These records were selected
using the following screen criteria:

• Operational diversity: inclusion of low, medium, and high-power ranges.
• Temporal spread: Sampling across different seasons and load conditions.
• Outlier exclusion: Removal of anomalous entries using z-score filtering and interquar-

tile range (IDR) thresholds.

Prior to training, all input features were subjected to standard preprocessing to ensure
numerical stability and prevent gradient explosion during neural network optimization:

• Min-max normalization was applied to compressor power, output pressure, and air
flow rate to scale values between 0 and 1.

• Z-score standardization was used for intake temperature and reward signals to center
the data and reduce skewness.

• Feature scaling ensured that all variables contributed proportionally to the
learning process.

These preprocessing steps were implemented using Scikit-learn and validated through
exploration data analysis.

To optimize specific energy consumption (SEC) within the compressed air system,
implementing a reinforcement learning agent using the Proximal Policy Optimization (PPO)
algorithm. This approach was selected for stability and sample efficiency in continuous
control environments. The detailed training procedure including in initializing of actor-
critic parameters, hypermeter configuration, episodic data collection, advantage estimation,
and policy upgrade is outlined in Algorithm 2.

Algorithm 2: PPO Training process for SEC optimization

1. Initialize the policy parameters θ(actor) and value parameters µ(critic).
2. Set hyperparameters:

• Clipping threshold ϵ = 0.2
• Discount factor γ = 0.99
• Learning rates αθ = 3 × 10−4, αµ = 1 × 10−3

• Epochs per update K = 4, batch size = 64
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Algorithm 2: Cont.

3. Data Collection:
For each time step t = 1, . . . , T:

• Observe state st

• Sample action at ∼ πθ(at | st)

• Execute atand record reward rt = −SECt

• Store (st, at, rt, πθ(at | st))

4. Compute Returns and Advantages:

• Empirical return:

Rt =
T−t
∑

k=0
γkrt+k

Advantage:

At = Rt − Vµ(st)

Normalize At for numerical stability.

5. Policy and Value Updates:

• Compute rt =
πθ(at |st)

πθold
(at |st)

.

• Calculate the clipped objective LPPO.
• Update actor by maximizing LPPO using gradient ascent.
• Update critic by minimizing Lvalue via gradient descent.

6. Repeat for all iterations N until convergence.

Figure 3 shows a visual narrative of how reinforcement learning agents are trained
using PPO to reduce SEC over time.

Figure 3. PPO training curve showing the progressive minimization of the specific energy
consumption (SEC).



Technologies 2025, 13, 519 11 of 15

6. Simulation Results and Discussion
This section presents the numerical results obtained by applying the proposed PPO

algorithm to 500 records of power consumption obtained from an air compressor.

6.1. Comparison of Old Policy Versus AI-Driven PPO Adjustments

While the previous analysis qualitatively demonstrated that the PPO agent outper-
forms traditional rule-based control through adaptive power adjustments, this section
introduces key quantitative metrics to substantiate the energy and economic benefits of the
proposed strategy.

6.1.1. Specific Energy Consumption (SEC) Reduction

Based on simulation results across 500 representative compressor cycles, the PPO strat-
egy achieved an average SEC reduction of 12.4% compared to the baseline rule-based policy.
This translates to improved energy efficiency per cubic meter of compressed air delivered.

6.1.2. Annual Energy Savings

The industrial compressor operating 24/7 at an average load of 65 kW, this SEC im-
provement corresponds to an estimated energy savings of 70,800 kWh per year. This figure
was derived using extrapolated PPO-adjusted power values and validated against historical
load curves. This was calculated using PPO-adjusted power values and extrapolated over
8760 operating hours per year.

6.1.3. Investment Payback Period

The implementation cost of R8000 for integrating the PPO-based control system
(including software, training, and deployment), and an average industrial electricity rate of
R0.12/kWh, the payback period is approximately 1 year. This positions the solution as both
technically viable and economically attractive for energy-intensive facilities. Summary of
the investment in Table 1.

Table 1. Quantitative summary.

Metric Value

Annual Energy Savings 70,800 kWh
Annual Cost Savings R8496
Estimated Implementation Cost R8000
Average SEC reduction 12.4%
Payback Period 1 year

These results demonstrate that the PPO-based cognitive DT not only improves opera-
tional efficiency but also delivers measurable economic returns, making it a compelling
solution for industrial energy optimization. Traditional compressor control policies often
use rule-based or manual tuning to operate on fixed logic, such maintaining power based
on predefined schedules. These systems lack adaptability and are typically reactive in
responding to inefficiencies after they occur. Consequently, these systems often result in
excessive energy consumption. In contrast, AI-driven adjustments using Proximal Policy
Optimization offer a dynamic and intelligent alternative. PPO leverages reinforcement
learning to continuously learn from the operational data of the compressor and adjust the
power in real time to minimize the specific energy consumption [19]. The PPO adapts to
stochastic variations, anticipates inefficiencies, and optimizes control decisions based on
long-term energy savings. This results in a more resilient, efficient, and scalable control
strategy that consistently outperforms conventional methods in terms of energy perfor-
mance and operational flexibility. Table 2 compares the traditional compressor control
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policies with AI-driven PPO adjustments. Using baseline power values with the old policy
action to obtain the exact value using AI-driven to the New Policy action.

Table 2. PPO Policy comparison of air-compressor power values.

# Power
(kW) Old Policy Action AI-Driven Exact

Value (kW) New Policy Action (AI-Driven)

0 62.56 Maintain 64.09 Increase (AI predicts efficiency gain)
1 54.37 Increase (below nominal threshold 62–63 kW) 55.00 Increase (AI predicts efficiency gain)
2 52.67 Increase (below nominal threshold 62–63 kW) 55.00 Increase (AI predicts efficiency gain)
3 93.71 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)
4 80.22 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)
5 73.08 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)
6 66.16 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)
7 66.45 Decrease (above 63 kW threshold) 64.50 Decrease (AI predicts SEC improvement)
8 84.12 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)
9 72.80 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)
10 56.66 Increase (below nominal threshold 62–63 kW) 56.69 Increase (AI predicts efficiency gain)
11 97.66 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)
12 82.70 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)
13 99.87 Decrease (above 63 kW threshold) 65.00 Decrease (AI predicts SEC improvement)

This comparative dataset highlights the nuanced decision-making of an AI-driven
PPO policy compared to a traditional control approach in managing the compressor power
for energy efficiency. In the old policy, actions were largely rule-based in maintaining
power when nominal thresholds (62–63 kW) and decreasing when above. At 62.56 kW, the
old policy-maintained power, whereas the PPO agent increased it to 64.09 kW, anticipating
a net gain in efficiency. Similarly, at lower power levels, such as 52.67 kW and 54.37 kW,
the PPO agent opted to increase the power slightly, recognizing that operating below the
nominal level may lead to a suboptimal SEC at high power inputs, such as 93.71, 97.66,
and 99.87 kW. The PPO agent consistently adjusted the power downward to 65.00 kW,
aligning with the learned threshold for minimizing the SEC. This behavior reflects the
ability of agents to generalize across varying conditions and make predictive adjustments
that balance energy input with air output.

As shown in Figure 4, the visuals and quantitative analysis demonstrate the supe-
riority of AI-driven control over traditional compressor management. The old policy,
represented by an orange dashed line, follows a linear trajectory with adjusted power
increases proportional to the original power. This reflects a static, rule-based approach
that lacks responsiveness to system dynamics. In contrast, the AI-driven PPO adjustments,
indicated by the blue line with circular markers, exhibited a non-linear pattern.

As shown in Figure 4, at lower original power levels, the PPO agent slightly increased
power, anticipating efficiency gains. At higher power levels, it consistently reduces power,
predicting improvements in specific energy consumption (SEC). This deviation from linear-
ity demonstrates the ability of PPO agents to learn nuanced control strategies that balance
energy input with operational efficiency. Unlike the old policy, which treats all power
levels uniformly, the PPO agent adapts actions based on real-time feedback and long-term
optimization goals, resulting in smarter and more energy-efficient compressor behavior.

The PPO agent dynamically adjusts power-based on learned system states rather than
fixed rules. This reflects autonomous learning and context-aware optimization. This caps
the adjustment at higher loads, the agent avoids energy waste, aligning with the goal of
minimizing SEC.
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Figure 4. Comparative analysis of power adjustments: old policy versus AI-driven PPO strategy.

7. Implementation Framework
The implementation was executed on Google Colab using Python Python 3.11.0 and

included the use of libraries such as:

• NumPy and Pandas were used for data management (policy tables).
• SciPy, scikit-learn –model fitting and preprocessing.
• PyTorch neural network and reinforcement learning implementation.
• Matplotlib–visualization (old versus AI policy comparison).
• Torch: deep reinforcement learning (actor–critic network).

8. Conclusions
A comparative analysis between traditional compressor control policies and AI-driven

PPO strategies revealed a significant advancement in energy optimization. Although con-
ventional rule-based approaches are simple and predictable, they often fail to adapt to
dynamic operational conditions, leading to suboptimal power usage and elevated adjust-
ments, that do not account for real-time system variability or long-term efficiency goals.

In contrast, the PPO-based reinforcement learning framework demonstrated a nu-
anced and intelligent control mechanism. It learns from continuous interactions with the
environment and proactively adjusts the compressor power to minimize the SEC while
respecting operational constraints. The PPO agent consistently outperformed the old policy
by identifying when to increase the power for efficiency gains and when to reduce it to
avoid energy waste, particularly under high-load conditions. This adaptive behavior is
evident in both the training curves and power adjustment comparisons, where the PPO
converges toward optimal control actions that balance the energy input with the air output.

The integration of PPO into compressor systems not only enhances energy perfor-
mance but also introduces scalability, robustness, and predictive control. These attributes
make AI-driven strategies particularly valuable for industrial applications that seek to
reduce operational costs and environmental impact. The findings affirm that reinforcement
learning, and PPO in particular, offer a transformative approach to compressor manage-
ment, bridging the gap between theoretical optimization and practical deployment.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/technologies13110519/s1, S1 air leak data and S2 power logger
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