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ABSTRACT

Offshore natural gas compression systems are characterized by strong hydraulic coupling, non-
linear behaviour, and strict safety constraints, particularly in high-CO, production environments.
Conventional decentralized PID control with anti-surge protection ensures reliable local regulation
but often leads to poor plant-wide coordination and persistent offsets when multiple compression
trains, recycle loops, and separation units interact dynamically. Although multivariable control
strategies such as model predictive control can address these issues, their industrial application
remains limited by modeling effort, computational demand, and robustness concerns. This work
presents a hybrid supervisory control framework in which reinforcement learning (RL) augments
an existing Pl-based architecture for an offshore gas compression system with membrane-based
CO, separation. A Proximal Policy Optimization (PPO) agent is trained on a dynamic digital-twin
model of export, CO,, injection, and bypass compression trains with shared headers, recycle flows,
and thermal constraints. The RL agent acts exclusively at the supervisory level, providing bounded
incremental adjustments to pressure and bypass setpoints, while all regulatory Pl loops, anti-surge
protections, and safety logic remain unchanged. Closed-loop simulations under representative
disturbance scenarios show that the RL-supervised architecture significantly improves plant-wide
coordination. Compared to fixed-setpoint Pl operation, total tracking error (IAE) and time-
weighted error (ITAE) are reduced by approximately 54% and 56%, respectively, using smooth,
low-magnitude supervisory actions. In addition, RL achieves performance close to that of a non-
linear MPC benchmark based on a random-shooting, MPPI (Model-Predictive Path Integral) for-
mulation, while requiring substantially lower online computational effort. The results demonstrate
that RL can be effectively integrated as a supervisory layer in offshore gas compression systems
without replacing established industrial control infrastructure, although additional safety mecha-
nisms are still required to ensure stricter constraint satisfaction.
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INTRODUCTION

Natural gas compression systems play a central role
in offshore oil and gas production, particularly in fields
with high CO, content such as Brazil's pre-salt reservoirs.
In these environments, compression is essential for ena-
bling CO, separation, gas export, reinjection, and down-
stream processing, while simultaneously representing
one of the largest contributors to onboard energy
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consumption and operational cost [1, 2]. Modern offshore
facilities typically rely on multistage centrifugal compres-
sors operating under tight constraints on pressure, flow
rate, rotational speed, and surge margin, which must be
satisfied under highly variable operating conditions.

In industrial practice, gas compression trains are
commonly controlled using layered architectures based
on proportional-integral-derivative (PID) controllers,
complemented by anti-surge protection systems and
2534
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hard safety interlocks [3]. While such architectures pro-
vide reliable local control and are well established in in-
dustry, their performance deteriorates in highly coupled
systems where multiple compressors, recycle valves,
membranes, and headers interact dynamically. In off-
shore facilities, interactions between parallel compres-
sion trains create strong loop interactions, often resulting
in oscillatory behaviour, conservative operation, and lim-
ited plant-wide coordination [4].

To overcome these limitations, advanced control
strategies have been extensively investigated in offshore
applications over the last two decades. Model Predictive
Control (MPC), in particular, has been successfully ap-
plied to gas processing and compression systems, im-
proving constraint handling, multivariable coordination,
and operational efficiency compared to decentralized PID
control [5, 6]. Nevertheless, the deployment of MPC in
large-scale offshore compression systems remains chal-
lenging due to the high modeling effort required, the non-
linear nature of compressor maps, frequent changes in
operating regimes, the need for robust performance un-
der significant disturbances and uncertainty, and the re-
quired computational infrastructure.

At the same time, increasing attention has been
given to the environmental impact of offshore gas pro-
duction. Compression systems are responsible for a sub-
stantial fraction of platform-wide energy consumption,
typically supplied by gas turbines, which account for the
maijority of CO, emissions in offshore installations [7]. In
addition, inefficient operation may lead to increased flar-
ing, recycle flows, and pressure violations, further in-
creasing emissions and reducing overall efficiency. As a
result, improving the operational efficiency and stability
of gas compression systems is directly aligned with
broader efforts to reduce greenhouse gas emissions and
comply with international climate targets [8].

In this context, data-driven control methods based
on Reinforcement Learning (RL) have emerged as a
promising alternative for the control of complex, nonlin-
ear, and highly coupled process systems. By learning
control policies through interaction with a dynamic envi-
ronment, RL techniques can address multivariable coor-
dination problems without relying on explicit linearized
models, making them attractive for systems character-
ized by nonlinear dynamics, strong interactions, and
changing operating conditions [9, 10]. Recent studies
have reported encouraging results for RL-based control
and optimization in energy systems and chemical pro-
cesses, including continuous control problems with con-
straints, disturbances, and nonlinear dynamics [11].
These works show the potential of modern policy-gradi-
ent and actor—critic methods to outperform conventional
controllers in terms of tracking performance, efficiency,
and adaptability.

Nevertheless, the direct application of RL to safety-
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critical industrial systems remains limited. Key challenges
include guaranteeing constraint satisfaction, ensuring ro-
bustness under unmodelled disturbances, maintaining in-
terpretability for operators, and safely integrating learn-
ing-based components with existing control infrastruc-
tures [12]. These concerns have motivated increasing in-
terest in hybrid and hierarchical architectures that com-
bine RL with conventional control layers.

A pragmatic approach to mitigate these limitations
consists in embedding RL within hierarchical control ar-
chitectures, in which learning-based agents operate at a
supervisory level, while conventional controllers remain
responsible for direct actuator manipulation. In such hy-
brid schemes, the RL agent adjusts setpoints or high-
level targets, whereas low-level PID controllers, anti-
surge loops, and safety interlocks enforce fast dynamics
and operational constraints [13]. This structure preserves
the reliability and transparency of industrial control sys-
tems while enabling adaptive, plant-wide coordination
and optimization. Related concepts have been explored
in supervisory, economic, and learning-based control
layers; however, their application to multistage offshore
gas compression systems with CO, separation and
strong hydraulic coupling between trains remains rela-
tively underexplored.

This work proposes a hybrid PI-RL supervisory con-
trol strategy for an offshore gas compression system. It
comprises multiple interacting compression trains and a
membrane-based CO, separation unit. A dynamic plant
model was developed as a simplified digital twin, incor-
porating centrifugal compressor models, composition-
dependent thermodynamics, valve flow dynamics, recy-
cle loops, and operational constraints representative of
industrial practice [1, 4]. The RL agent, trained using
Proximal Policy Optimization (PPO) [14], acts exclusively
on supervisory setpoints related to pressure and capac-
ity, while conventional PI controllers and anti-surge pro-
tections remain unchanged.

To ensure learning stability and reflect operational
priorities, a structured reward-shaping strategy was
adopted. In addition to tracking export flow and key suc-
tion pressures, the reward incorporates soft penalties for
violations of compressor discharge temperature limits,
excessive anti-surge recycle activity, undesirable valve
usage, and abrupt setpoint movements. Temperature
constraints are enforced through continuous penalties
activated beyond predefined soft limits, discouraging
sustained operation at elevated discharge temperatures
that could compromise equipment integrity and effi-
ciency. This multi-term reward formulation, inspired by
fuzzy-logic concepts and robust loss functions, intro-
duces tolerance regions around nominal operating tar-
gets while penalizing asymmetric deviations, thereby
preventing overly aggressive control actions and improv-
ing training robustness under disturbances [15].
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The proposed approach was evaluated using
closed-loop simulations based on real offshore gas com-
pression system subject to disturbances in inlet flows
and operating conditions. Performance was assessed
relative to conventional fixed-setpoint Pl operation using
standard control performance metrics.

METHODOLOGY

1. Case study and control objective

This work considers the offshore gas-compression
and high-CO, management system of an offshore plat-
form. The unit has strong interactions between separa-
tion, compression, export, and reinjection. Figure 1 pre-
sents the process flow diagram (PFD) used as the refer-
ence for the modeling and control design. The system
comprises: (i) a membrane-based CO, separation unit
generating retentate (treated gas) and permeate (CO,-
rich gas), (ii) export compression, (iii) CO, compression
for reinjection/EOR, (iv) injection compression, and (v)
bypass routing that allows partial or full diversion around
the membrane unit depending on the operating mode
(export vs. injection priority).

The routing and coupling structure that drives the
control problem can be seen in Figure 1: after the mem-
brane split step, the retentate flow is routed for compres-
sion and exportation, while the permeate flows for CO,
compression. The bypass stream modifies both mem-
brane feed and downstream load. Shared headers link
export and injection trains; thus, changes in exportation
demand or bypass fraction propagate through suction
pressures, discharge pressures, and recycle activity.

The operational goal is to maintain safe and efficient
operation under disturbances (production flow swings,
routing changes, header pressure shifts) while ensuring:
e Header and train stability: suction/discharge pres-

sures remain within allowable envelopes to prevent

compressor trips and surge;

e Export delivery tracking: export flow (or export ca-
pacity) follows a target consistent with pipeline con-
straints and gas quality;

CO, management: membrane operation and bypass
routing are coordinated so that the CO, content in the
treated gas (when exporting) is kept within specification,
while CO,-rich permeate is compressed for reinjection
when required;

e Coupling-aware coordination: shared headers and
routing decisions couple export and injection de-
mands, and membrane permeate pressure is cou-
pled to the suction setpoint of the CO, train, impact-
ing separation driving force and downstream com-
pression load.

These couplings motivate a hierarchical control ar-
chitecture. Fast stabilization and protection remain han-
dled by conventional regulatory control (Pl loops, anti-
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surge and operational interlocks), while a supervisory
layer performs slower coordination by adjusting a small
set of economically and operationally meaningful set-
points (pressures and bypass routing), targeting global
feasibility, constraint compliance, and reduced recy-
cle/energy waste.

2. Dynamic simulation model

A dynamic simulator was implemented in Python to
enable closed-loop testing and training of the supervi-
sory controller. The model follows a simplified digital-
twin philosophy: it preserves the dominant pressure—flow
accumulation dynamics, train couplings (shared headers,
membrane routing), and actuator nonlinearities needed
for control design, while remaining computationally effi-
cient for RL rollouts.

2.1 Compressor trains and stage calculations

Each compression section is modeled as a series of
centrifugal compressor stages, each represented by a
performance map embedded within a dynamic mass and
energy balance. For each stage, an iterative procedure
matches volumetric flow and operating point to compute
polytropic head, efficiency, power, and discharge tem-
perature.

Composition effects are captured through mixture
properties (molecular weight, Mw, and compressibility
factor, Z), allowing the simulator to represent perfor-
mance shifts due to varying CO, fraction (especially rel-
evant across the membrane split and bypass changes).

2.2 Vessel/header pressure dynamics

Dynamic pressure behavior is represented by ves-
sels/headers that capture the dominant accumulation ef-
fects in each section, providing the state evolution used
by the control loops and the RL observation vector.
(These dynamics are exposed to the RL agent primarily
through suction and discharge pressures per train, see
Section 4.)

2.3 Valve and recycle-flow modeling

Valve flows are modeled using a compressible-flow
relationship, given by Equation (1).

(Pup—Pdown)+ (1 )

pupTZ

m = ¢(u)KpupCv

where uis the valve opening, ¢(u) represents the installed
valve characteristic (linear, equal-percentage, or quick-
opening), p,, and pgo,, are upstream and downstream
pressures, T is absolute temperature, Z is compressibility
factor, C, is the valve coefficient, and K is a unit-conver-
sion constant. The “(+)*” operator prevents non-physical
negative pressure drops.

Anti-surge behavior is represented through recycle
flows per train/stage, which are also included as moni-
tored variables and (optionally) penalized in the reward
2536
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Figure 1. Flowchart of the compression system of the real offshore platform.
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to discourage unnecessary recycle activity.

2.4 Membrane CO, separation unit

The membrane unit is modeled as a pressure-driven
separation process that splits the feed into retentate
(treated gas) and permeate (CO,-rich) streams. An em-
pirical bias termis included to represent non-ideal effects
such as aging or performance degradation, while outlet
molecular weights are updated based on the resulting
gas composition.

The retentate is routed to the export compression
section, while the permeate is routed to the CO, com-
pression section. The permeate-side pressure is directly
linked to the CO, compression suction setpoint, explicitly
coupling membrane separation performance with down-
stream compression conditions and supervisory control
actions.

3. Disturbance modelling

To assess the robustness and system-level coordi-
nation of the supervisory controller, a severe load dis-
turbance is considered. At time t=400s, the production
mass flow is subjected to a step increase of 20 kg/s. This
scenario imposes an immediate thermal and mechanical
load on the compression system, leading to increased
discharge pressures and temperatures across all com-
pression trains, including the export, CO,, and injection
sections.

4. Hierarchical control architecture

The proposed control structure is hierarchical and
explicitly preserves the regulatory and protection logic of
the compression system. The inner layer consists of con-
ventional Pl controllers, anti-surge loops at each
Neto et al. / LAPSE:2026.0520

compression stage, actuator saturation, and split-range
logic.

The RL agent operates strictly at the supervisory
level and does not bypass or override the inner-loop pro-
tections. Instead, it provides bounded adjustments to se-
lected setpoints that are already used by the PI control-
lers.

4.1 Action space

The RL agent operates in delta (incremental) mode,
outputting bounded changes to supervisory setpoints at
each control interval. This choice enforces smooth be-
havior, avoiding abrupt operating-point shifts. The action
vector and its numerical bounds are defined in Table 1.

Table 1: Action space configuration.

Syst Control Trans 5:2534-2541 (2026)

Action Description Lower Upper Units
Bound Bound
Atitypqss  Bypass flow -1 +1  kg/s
target
Apd.,  Exportsuc- -500 +500  kPa
tion pressure
setpoint
Apy,.,  Exportdis- -500 +500  kPa
charge pres-
sure setpoint
Ap,,  COzsuction -5 +5  kPa
pressure set-
point
Ap,;  Injection suc- -50 +50  kPa
tion pressure
setpoint
2537



4.2 Observation vector

The observation vector consists of 28 continuous
variables, selected to expose the dominant coupling
mechanisms, constraint indicators, and dynamic states
relevant for supervisory coordination. Specifically, the
environment returns:

= Time t(s);

= Suction, intermediate, and discharge pressures for
the bypass, export, CO,, and injection sections;

= Compressor “rotation proxies” for bypass, export,
CO,, and injection trains;

= Mass flows: bypass, membrane outputs to export
and CO,, and export inlet flow;

=  Treated-to-injection valve opening;

=  Recycle volumetric flows for bypass and each
compression section/stage;

= Discharge temperatures for export stage 2 and
CO, stage 4;

= Current export capacity setpoint (included as a
state variable for consistency).

5. Reward design

A multi-term reward is used to align learning with
operational goals: (i) tracking/coordination, (ii) anchoring
around desired operating targets, and (iii) safety penal-
ties dominated by discharge temperature constraints.
The instantaneous reward is defined by Equation (2).

V= Firack + Ttemp + Fsoft (2)

5.1 Tracking

Tracking terms penalize deviations in suction/dis-
charge pressures and export flow, with weights assigned
to reflect operational priorities. In particular, CO, pres-
sures receive stronger emphasis because they directly
affect membrane driving force. An additional target an-
choring term penalizes excessive deviation of supervi-
sory setpoints from nominal operating targets.

5.2 Temperature constraints
Thermal safety is encoded explicitly through contin-
uous penalties activated beyond stage-specific dis-
charge temperature limits. The following limits are used:
o Tlim,bypass =390 K? Tlim,export =410 K:
e CO, stages: [400,440,420,420] K (stages 1-4),
b WeightS: Wiemp,co2 = 6.0, Wtemp,export = 2'09wtemp,bypass =
2.0, Wiemp,injection = 1.0.
A soft margin of 5 K is applied before the penalty
increases steeply, and temperature exceedances are
normalized by a 10 K scale.

5.3 Soft penalties
Neto et al. / LAPSE:2026.0520
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Additional soft penalties are included to promote
operational efficiency and smooth control behavior. Re-
cycle activity is aggregated from recycle flows across
sections: bypass, export (stages 1-2), CO, (stages 1-4),
and injection. Valve usage is represented by the treated-
to-injection valve opening, and action smoothness is pe-
nalized via the L, norm of the action vector.

6. RL algorithm and training procedure

The supervisory policy is trained using PPO [14] with
a multilayer perceptron (MLP) policy consisting of two
hidden layers of 256 neurons each.

The main hyperparameters are: learning rate 3x104,
discount factor y = 0.99, GAE 1 = 0.95, clipping range 0.2,
Nsteps = 2048, nepochs = 10, batch size 256, and random
seed 42.

Each episode lasts 3000 simulation steps with
At=0.1 s, corresponding to 300 s of plant operation.
Training was performed on a CPU-only workstation (24
logical cores) for a total of 200 episodes (x6x10° steps
in total).

During training, the best-performing policy is se-
lected based on the rolling mean of episode rewards and
saved for post-training evaluation. After training, the se-
lected policy is evaluated in closed-loop simulations us-
ing deterministic action selection.

7. NMPC benchmark controller

As a benchmark, a stochastic nonlinear model pre-
dictive control (NMPC) strategy was implemented using
a random-shooting approach inspired by Model Predic-
tive Path Integral (MPPI) control [16].

The same supervisory action space and objective
function used by the RL controller was adopted. The final
configuration used a prediction horizon of 8 steps and a
control horizon of 2 steps, with 16 candidate sequences
evaluated every 6 simulation steps, and 4 elite samples
used for action selection.

RESULTS AND DISCUSSION

8 Training convergence

The PPO-based supervisory policy converged
within approximately 80-100 episodes (Figure 2). With an
average simulation throughput of 129 steps/s, the com-
plete training required approximately 77.5 minutes.

2538



Pressures and Flow (RL vs Pl vs NMPC)

Export suction pressure CO2 suction pressure
320
4150 — RL — RL
— P — P
NMPC NMPC
a0\ | R A A SPRL 3007 ... spRL
v SP NMPC SP NMPC
—rt ~— Target (241)
£ & 280
2 4050 i~ <
g o i
2NN I R R & 260 |
£ 40004 Mereeseens £ ‘
240 -=F e B I Rt
3950 \}[‘J - —— - —
220
Time (s) Time (s)
Export discharge pressure Export mass flow
— RL 01— R
21200 — — /_\_/—
NMPC 2 NMPC
e SPRL —=" Target (16)
21000 SP NMPC N
20 —
= =
£ 20800 g SRR ISR ISR R
g — ] <15
2 H
$ 20600 2
& 10
20400
5
20200 '
0
[ 50 100 150 200 250 300 0 50 100 150 200 250 300
Time (s) Time (s)

Figure 3. Closed-loop pressures and export flow under PI, RL, and NMPC control.
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Figure 4. CO, compressor discharge temperatures (stages 1-4) under PI, RL, and NMPC control; dashed lines
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Table 2 compares RL, Pl, and NMPC in terms of
tracking, energy, safety, control effort, and computa-
tional cost.

Table 2: Controllers’ performances.

leads to transient constraint violations. Practical deploy-
ment would require additional mechanisms such as hard
constraint enforcement or action shielding. Finally, the
study considers a single-agent supervisory policy. Exten-
sions to multi-agent formulations, economic objectives,

Metric RL Pl NMPC

IAE 322,462 699, 310, 400
682

ITAE 48.94x10° 111.48x 46.54x10°
108

Mean power 25,979 25,090 24,212

(HP)

Total abs. 28, 241 30,572 31,115

power change

(HP)

Temp. violation 5, 701 3,178 3,053

total count

Temp. violation 43, 252 35,423 30,931

total magnitude

Ju? dt 1202.20 0.00 2765.63

Evaluation time 71.04 65.28 3895.77

(s)

and online adaptation remain open research directions.

CONCLUSIONS

This work showed the feasibility and benefits of in-
tegrating reinforcement learning as a supervisory layer in
a multistage offshore gas compression system, improv-
ing plant-wide coordination while preserving conven-
tional Pl control and safety logic.

The RL-supervised strategy significantly outper-
forms PI, reducing IAE and ITAE by approximately 54%
and 56%, respectively. Its performance is also close to
NMPC, with differences of only about 4-5%, and both ap-
proaches converge to similar steady-state operating
points.

From an operational perspective, RL provides
smoother actuation, as the quadratic control effort is re-
duced by approximately 57% compared to NMPC. In
terms of energy, NMPC achieves the lowest mean power
consumption, while RL operates about 7% above NMPC
and slightly above PI.

In terms of tracking, RL and NMPC achieve compa-
rable performance and clearly outperform PI, with similar
IAE and ITAE values. From an energy perspective, NMPC
achieves the lowest mean power, while RL operates at a
slightly higher level. However, RL exhibits the lowest total
absolute power variation, indicating less aggressive load
changes despite similar steady-state performance.

Regarding safety, RL shows the highest tempera-
ture-violation count and magnitude, confirming that the
current reward-based formulation allows stronger transi-
ent excursions. In terms of control effort, RL is signifi-
cantly smoother than NMPC, with much lower integral
quadratic control effort (fu2dt), indicating less aggressive
supervisory actions.

Finally, computational cost highlights a key ad-
vantage of RL. While RL and Pl have similar evaluation
times, NMPC is more than one order of magnitude slower.

11 Limitations and scope of applicability

The present work is based on a simplified digital
twin and does not account for all sources of uncertainty
present in real offshore systems, such as sensor noise,
actuator degradation, and long-term equipment aging.
The evaluation was conducted under a limited set of dis-
turbance scenarios. Although the RL policy generalizes
well within this range, its robustness to broader operating
conditions remains to be assessed.

Safety is handled through soft penalties, which

Neto et al. / LAPSE:2026.0520
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A key limitation of the current approach is safety
performance. RL exhibits higher temperature violation
frequency and magnitude, with approximately 80-90%
more violation events and about 40% higher total viola-
tion magnitude compared to NMPC. These results reflect
the use of soft penalties in the reward function, which al-
low stronger transient excursions (particularly during
early adaptation phases) before converging to safer op-
eration.

Finally, computational cost strongly favors RL. While
NMPC requires approximately 55x more evaluation time,
the RL policy can be executed with negligible online over-
head. Combined with a moderate offline training time
(%77.5 minutes on CPU), this makes RL a computationally
efficient alternative for real-time supervisory control.

Future work will focus on strengthening safety guar-
antees through hard constraint enforcement, extending
evaluation across multiple disturbance scenarios, and as-
sessing robustness and transferability toward real off-
shore operating conditions.
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