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Abstract

This study couples 3D Embed-to-Control-and-Observe (E2CO) reduced-order modeling with
reinforcement learning (RL) to optimize geological CO. storage operations, maximizing injection
efficiency while ensuring well-level safety and regulatory compliance. The RL agent uses a reward function
promoting higher CO: injection and reduced brine handling, with strict penalties for plume migration near
producer wells or excessive reservoir pressures. A 30-year storage project was simulated using the
heterogeneous SACROC reservoir model with three injectors and three producers across three geological
realizations (1-5 MtCOx/year). The E2CO architecture achieved ~10,000x acceleration over full-physics
models by embedding flow dynamics in latent space, enabling training over 1,000 RL episodes within
minutes. The RL framework successfully learned adaptive strategies exploiting geological heterogeneity—
increasing injection in high-capacity regions while reducing rates near critical thresholds. Hard penalties
ensured operational safety, and learned policies generalized effectively across geological realizations.
Compared to static approaches, RL-optimized strategies achieved higher cumulative injection, improved
containment security, and more stable pressure management while supporting continuous optimization as
monitoring data became available. This work integrates RL with E2CO for CO- storage optimization,
enabling real-time, adaptive reservoir management that generalizes across uncertain geological realizations.

Introduction

Surrogate modeling has attracted significant attention across many scientific and engineering disciplines,
particularly in subsurface reservoir engineering, where high-fidelity numerical simulators are
computationally intensive (Nanga et al. 2021). Rapid surrogate predictions enable large-scale uncertainty



CCUS 4413231 2

quantification, real-time monitoring, and iterative optimization workflows that would otherwise be
infeasible if every evaluation required running a full-physics simulator. As carbon storage management
problems increasingly demand repeated forward simulations, the development of accurate and efficient
reduced-order (ROMs) and machine learning models has become a critical research focus (Falola et al.
2023; 2024; 2024; 2025; 2026; Abdulkareem et al. 2025).

Traditional ROM techniques like proper orthogonal decomposition (POD) offer speedups but rely
on intrusive linearization and struggle with large control perturbations or nonlinear regimes (Gratton and
Willcox 2004; He and Durlofsky 2013). Deep learning surrogates provide greater flexibility, but early
versions lacked control-aware, long-horizon forecasting mechanisms. The Embed-to-Control (E2C)
framework introduced control-compatible deep surrogates by learning low-dimensional latent
representations with locally linear dynamics, enabling classical optimal control in latent space (Watter et
al. 2015). However, initial formulations weren't designed for subsurface flow systems with physics-driven
dynamics and well-based controls (Jin et al. 2020). Reservoir-adapted E2C extended the framework to
multiphase flow, achieving orders-of-magnitude speedups with stable multi-step rollouts, but required
explicit well models like Peaceman formulations, introducing errors and overhead. The Embed-to-Control-
and-Observe (E2CO) framework addressed this by augmenting the latent model with a learned observation
operator that directly predicts well outputs from latent transitions (Coutinho et al. 2021). E2CO has been
extended to 3D heterogeneous reservoirs, large-scale geological models, and ensemble formulations
accounting for geological uncertainty (Atadeger et al. 2022; 2023; Aghayev et al. 2024).

Fast, differentiable E2CO surrogates enable integration with gradient-based constrained
optimization and deep reinforcement learning (DRL). Coupling E2CO with stochastic gradient-based
sequential quadratic programming (SQP) enables robust life-cycle optimization under nonlinear constraints
(Nguyen et al. 2024), while E2CO-based environments accelerate RL by allowing agents to explore policies
in the learned latent space (Chen et al. 2024; Wang et al. 2025; Adeyemi and Onur 2025). This work extends
3D-E2CO to geological carbon storage by integrating multi-realization latent surrogates with deep
reinforcement learning for robust optimization of CO:z injection and pressure management under geological
uncertainty in the SACROC unit reservoir.

Dataset and Methodology

The study uses the SACROC unit, a mature carbonate reservoir in the Permian Basin, West Texas,
repurposed for CO: geological storage (Jia and McPherson 2018). The domain is a 34x16x25 grid (13,600
cells), spanning ~8,400x4,000 m in area with a thickness of 27-89m across 25 layers. The configuration
includes three CO: injectors (I1, 12, 14) and three producers (P1, P2, P3), all fully perforated. Three
geological realizations represent subsurface uncertainty with distinct porosity and permeability fields.
Extreme negative values replace inactive cells during preprocessing with masking to exclude them from
reconstruction loss (Le and Tao 2024). A commercial compositional simulator generates the training
dataset. For each realization, well controls, producer bottom-hole pressures, and CO: injection rates (0.5-5
megaton/year), are varied using Latin Hypercube sampling over 30 years with annual control intervals,
yielding 1,000 simulation cases executed in ~72 hours on a multi-core Intel Xeon workstation with 768 GB
RAM. At each time step, 4 spatial state fields (reservoir pressure, gas saturation, porosity, permeability)
and 9 well-level time-series observations (three injector BHPs, three gas production rates, three water
production rates) are recorded. Spatial properties are normalized, and data is partitioned into 75% training
and 25% testing sets.

The ROM follows the E2CO paradigm with three components: an encoder using 3D convolutional
layers to compress reservoir states (34x16x25 grid, 4 channels) into a 128-dimensional latent vector; a
decoder expanding the latent vector back to original resolution via transposed convolutions; and a linear
transition model predicting next latent state and 9 well-level observations (3 injector BHPs, 3 gas/water
production rates) from current latent state and 6 well controls (3 producer BHPs, 3 CO- injection rates).
The trained 3D-E2CO surrogate serves as the environment for a model-free RL agent learning optimal well-
control policy over the 30-year CO: injection horizon, with the reservoir control problem cast as a Markov
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Decision Process where the agent observes latent reservoir state at each annual decision step t = 1...30, the
agent observes the latent reservoir state z, (a 128-dimensional vector produced by the E2CO encoder),
selects a 6-dimensional action a; comprising three producer bottom-hole pressures and three CO2 injection
rates (all normalized to [0, 1] and mapped to physical ranges by the environment), and receives an economic
reward. The surrogate then advances the latent state via the learned transition model to produce z;, 1 and
the corresponding 9-dimensional well observations y;,;. At each episode reset, an initial state z, is
randomly sampled from the available geological realizations, exposing the agent to subsurface uncertainty
during training. The per-step reward captures the net economic value of CO2 geological storage:
Qu,t
e = §<Cinj o Qinj,t - Cw 'T_ Cgp = N - Qgp,t)
Where Qinj ¢ is the total CO2 injection rate, Q¢ is the total water production rate, Qgp ; is the total

gas production rate, eta is the gas unit conversion factor (ft3/day to tons/day), beta = 5.615 ft3/bbl is
the volumetric conversion, ¢;,; = $30/ton is the net CO2 storage credit (revenue minus operating cost),
cw = $5/bbl is the water production penalty, c;, = $50/ton is the gas breakthrough penalty, and § =
10~* S is a normalization scale factor.

This integrated ROM-RL framework enables the optimization of long-horizon well control
strategies in seconds rather than hours, while explicitly accounting for the geological uncertainties
that dominate subsurface decision-making.

Results and Discussion

The SAC agent demonstrated strong convergence over 1,000 episodes (Fig.1a) with rapid learning within
the first 200 episodes, reaching stability around episode 326, with sustained high-reward plateau through
episode 1,000, confirming policy robustness against geological uncertainty. Lifecycle analysis (Fig.1b)
shows rapid recovery from initial capital expenditure with monotonically increasing cumulative cashflow
through the 35-year project life, while NPV sensitivity analysis (Fig.1c) reveals profitability at discount
rates up to 10%, with higher rates yielding negative NPVs—characteristic of capital-intensive, long-horizon
carbon storage projects. The RL agent manages the 30-year operational horizon (Fig.2) using dynamic BHP
controls for three production wells (P1-P3) within a 1,150—1,350 psi range, resulting in production profiles
where declining water production and rising gas rates signal progressive CO- breakthrough with varied
timings reflecting geological heterogeneity. To maximize storage, the agent sustains gas injection rates near
upper bounds for wells I1-13 while proactively introducing periodic sharp injection reductions—
specifically in 12 and [3—to manage pressure buildup and mitigate early breakthrough, with injector BHP
observations revealing declining trends interspersed with transient spikes correlating with strategic rate
adjustments, demonstrating responsive control logic driven by six control actions refined by nine
observation channels.
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Figure 1. Training performance and economic analysis of the SAC-based well control optimization across 1,000 geological realizations: (a)
episodic and 10-episode moving average reward showing convergence by episode 326; (b) cumulative project lifecycle cashflow over 35 years
under the optimized policy; (c) NPV sensitivity to discount rate (5-15%) at the final training episode.
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Figure 2. RL-optimized well control actions and observed reservoir responses over a 30-year horizon for a representative geological realization:
producer BHP controls and associated water/gas production profiles (left), and injector gas injection rate controls with resulting BHP
observations (right). Shaded regions denote the permissible operational ranges for each control variable.

Conclusions

The integration of the 3D surrogate framework with RL establishes an efficient, real-time optimization
engine for geological carbon storage, as demonstrated on the SACROC model unit. The SAC agent’s rapid
convergence by episode 326 and sustained high-reward plateau through 1,000 episodes confirm a policy
that is robust against subsurface uncertainty and generalizes effectively across diverse geological
realizations. By autonomously adapting well-level controls to exploit reservoir heterogeneity and mitigate
early CO» breakthrough, the framework achieves superior sequestration efficiency while maintaining
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operational safety. Future research should explore hybrid optimization approaches, where RL is coupled
with other optimizers to further refine control policies over the surrogate model. Subsequent work must
focus on the rigorous comparison and validation of these hybrid strategies against standalone RL to ensure
maximum reliability in large-scale sequestration projects.
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