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ABSTRACT

The high energy penalty of chemical-absorption
carbon capture limits its large-scale deployment.
Overhead gas recompression (OGR) reduces this penalty;
however, conventional OGR generates high interstage
temperatures, and applying deep inter-cooling causes
latent heat loss, diminishing recovery benefits. To
address this, a continuous in-stage spray cooling process
using downstream condensate is designed to lower
temperatures and maximize heat recovery. Because the
spray reflux alters the fluid mass across compression
stages, conventional equal-pressure-ratio strategies are
inapplicable, requiring multi-dimensional optimization of
pressure ratios and spray diversion ratios. Since
mechanistic optimization of flowsheets with complex
recycle loops is computationally prohibitive, a boundary-
sensitivity  analysis is  first  conducted to
thermodynamically decouple the OGR module from the
upstream absorption-desorption process. Using Latin
Hypercube Sampling and automated Aspen Plus
simulations, a dataset is generated to train a deep neural
network (DNN) surrogate model. Coupled with the
NSGA-II algorithm under a thermo-mechanical safety
limit, the framework optimizes specific heat
consumption, specific power consumption, and total
annualized cost (TAC) to determine the optimal
parameters. Finally, SHAP and thermodynamic path
analyses are applied to interpret the black-box model,
confirming that the optimized wet compression balances
evaporative cooling and mass-flow penalties. Compared
to the conventional OGR baseline, the optimized
configuration reduces specific power consumption by
12.7% (to 131.9 kWh/tCO;) and lowers the TAC by 3.6%
(to 87.80 million USD/yr), increasing the equivalent
coefficient of performance (COP.q) from 6.13 to 9.94.

Keywords: absorption-based carbon capture, overhead
gas recompression, wet compression, machine learning,
multi-objective optimization

NONMENCLATURE
Abbreviations

ACC Absorption-based carbon capture

CAPEX Capital expenditure

cCus Carbon capture, utilization, and
storage

DNN Deep neural network

LHS Latin hypercube sampling

NSGA-I| Non—cfiominated Sorting Genetic
Algorithm Il

OGR Overhead gas recompression

OPEX Operational expenditure

SELU Scaled exponential linear unit

SHAP SHapley Additive Explanations

TAC Total annualized cost

TEA Techno-economic assessment

Symbols

c Cost

COP., Equivalent coefficient of
performance

Enhc Specific heat consumption

Epc Specific power consumption

m Mass flow rate

p Pressure

Q Heat duty

T Temperature

w Mechanical power

Qi In-stage spray ratio of stage i

T Pressure ratio of stage i

A Range/Difference

1. INTRODUCTION
Chemical-absorption carbon capture (ACC) using
aqueous amine solvents is industrially viable for large-
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scale mitigation but is hindered by the intensive energy
penalty of solvent regeneration [1,2]. Overhead gas
recompression (OGR) has emerged as an effective heat
pump technology to upgrade the thermal grade of the
stripper overhead gas. By mechanically compressing the
CO; and saturated water vapor mixture, OGR elevates
the condensation temperature, enabling latent heat
recovery to drive the stripper reboiler and reduce
external steam demand [3,4].

However, conventional OGR implementations face a
thermodynamic trade-off between temperature control
and heat recovery. Direct compression leads to excessive
interstage temperatures, while conventional interstage
deep cooling results in significant latent heat loss,
decreasing the overall efficiency of the OGR unit. To
address this, a continuous in-stage spray cooling process
utilizing downstream condensate is designed. This
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the upstream stripper states, the recompression unit can
be isolated for modular optimization. A dataset is
subsequently generated using Latin Hypercube Sampling
(LHS) and automated Aspen Plus simulations to train a
high-precision deep neural network (DNN) surrogate
model. Utilizing this surrogate, the specific heat
consumption, power consumption, and total annualized
cost (TAC) are optimized to determine the optimal multi-
dimensional parameters under a thermo-mechanical
safety threshold [7]. Finally, to address the black-box
nature of the surrogate model, SHapley Additive
Explanations (SHAP) and thermodynamic path analysis
are integrated. This provides a mechanistic
interpretation of the optimized wet compression
trajectory, confirming the scientific validity of the
optimization results.
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Fig. 1 Schematic diagram of optimized OGR process with absorption carbon capture

process suppresses temperature rise through
evaporative cooling while maximizing the recuperation
of latent heat. However, the introduction of spray reflux
alters the fluid mass across compression stages as a
function of the diversion ratios. Consequently, the
traditional equal-pressure-ratio strategy for minimizing
compression work becomes inapplicable, necessitating a
multi-dimensional optimization involving both stage
pressure ratios and spray diversion ratios.

Optimizing such flowsheets with complex mass and
heat recycle loops using mechanistic simulators (e.g.,
Aspen Plus) is computationally prohibitive for global
parameter searches [5,6]. To overcome this bottleneck,
a thermodynamic decoupling strategy is first
implemented. By verifying that extreme variations in
downstream OGR parameters exert negligible impact on

2. METHODOLOGY
2.1 Process description and decoupling

The proposed system integrates an absorption-
desorption process (using an aqueous blend of 22.5 wt%
N-methyldiethanolamine (MDEA) and 7.5 wt%
piperazine (PZ)) with a three-stage OGR unit (Fig. 1). A
controlled fraction of condensed water, defined as the
spray diversion ratio (o), is continuously injected during
compression to restrict the temperature rise and
approach isothermal compression. Three auxiliary
reboilers recover sensible and latent heat to offset the
main reboiler duty. Table 1 lists the design parameters
and baseline performance metrics.

The thermodynamic performance of the OGR system
is quantified using three indicators, defined by Egs. (1)-



(3). The specific heat consumption (En) is the net
external thermal energy required per ton of CO;
captured, accounting for the thermal recovery via
auxiliary reboilers. The specific power consumption (Eyc)
denotes the total electrical energy input required per ton
of CO; captured. The OGR system with continuous in-
stage spray uses extra mechanical work to offset thermal
energy demands. Thus, an equivalent coefficient of
performance (COP¢) is introduced to assess the
efficiency of this power-to-heat conversion.
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Optimizing these interactive parameters requires
decoupling the OGR unit from the upstream stripper to
avoid simulation failures. Boundary sensitivity analysis
shows that, within the limits of physical constraints (1.5
<m <4, 0.05 < a; £0.95), even if there are extreme
changes in the downstream OGR, the deviations of all
relevant parameters (tower top temperature and steam
flow rate) remain within a stable range of +0.5%. Thus,
the OGR unit is thermodynamically decoupled and
evaluated independently with constant inlet boundaries
(Ttop:95.43 OC, mHzo:74.25 kg/s, mc02:133.87 kg/s)

Table. 1 Main design and operating parameters of the
baseline carbon caprure process.

Parameter Value
Flue gas flow rate 661.4 kg/s
Flue gas CO_Z volume 14.94%
fraction
Operating Regeneration pressure 1.5 bar
parameters | Production gas pressure 24.6 bar
Inter-stage temperature 120 °C
Polytropic efficiency 0.8
Pressure ratio per stage 2.54
CO; capture rate 90%
Nominal reboiler duty | 446000kW
Reboiler temperature 115.7 °C
Performance Capture heat 2.69
Parameters consumption GJ/tCO,
Compression power 50963 kW
Capture power 105.92
consumption kWh/tCO,

2.2 Proposed framework
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As illustrated in Fig. 2, Latin Hypercube Sampling
(LHS) generated 2000 feasible samples within the 6D
decision space: interstage pressure ratios (m; € [1.5, 4.0])
and spray ratios (a; € [0.05, 0.95]). Since integrating
continuous in-stage spray cooling introduces non-linear
phase-change dynamics, a 4-layer DNN with a Scaled
Exponential Linear Unit (SELU) activation function was
trained to predict specific heat consumption (En),
specific power consumption (E,), and stage
temperatures [8]. The SELU activation function was
selected for its self-normalizing properties, preventing
gradient vanishing during the training of highly non-
linear thermodynamic data.

The trained DNN, operating four orders of
maghnitude faster than rigorous simulations (average R? =
0.9948), served as the fitness evaluator for the NSGA-II
algorithm. The algorithm minimized both Enc and E,.. To
maintain physical viability, an inequality constraint was
formulated to keep all stage discharge temperatures
below the thermal thermo-mechanical threshold of
operating safety (Tmax < 160 °C), which was enforced via
a death penalty strategy during the genetic evolution.
2.2.2 Techno-economic assessment

To identify the global optimal configuration from the
thermodynamic Pareto front, a techno-economic
assessment (TEA) is conducted. The economic objective
function is defined as the total annualized cost (TAC),
which consists of the annualized capital expenditure
(CAPEXannuat) and the annual operational expenditure
(OPEX). The CAPEX primarily accounts for the purchased
equipment costs of the multi-stage compressors and the
auxiliary reboilers, which are estimated using the



capacity scaling law. The compressor sizing scales with
the mechanical power demand, while the auxiliary
reboiler cost is driven by the required heat exchange
area for recovery. The OPEX is divided into fixed costs
(maintenance and labor) and variable costs. The variable
OPEX directly reflects the thermodynamic performance
predicted by the DNN, calculated based on the utility
prices for electricity consumed by compressors and low-
pressure steam consumed by the main stripper reboiler.
By evaluating the TAC, the optimal balance between
initial investment and long-term energy savings can be
determined [9,10]. The techno-economic evaluation
assumes a standard plant operational period of 8000
hours per year, a project lifetime of 20 years, and an
annual discount rate of 8%.

3. RESULTS AND DISCUSSION
3.1 Techno-economic Pareto optimization

The DNN predictions aligned with mechanistic
simulations, supporting the following optimization. Fig.
3a presents the thermodynamic Pareto front, exhibiting
a negative correlation between Epc and Ehc. Minimizing
mechanical power reduces stage  discharge
temperatures, restricting the thermal grade available for
latent heat recovery and increasing the external thermal
demand. Under baseline utility prices (electricity: 0.07
USD/kWh, steam: 7.5 USD/GJ), prioritizing the
minimization of mechanical work yielded the lowest TAC
of about 88 million USD/yr.

The optimized configuration (m; = 2.928, m, = 2.133,
s = 2.626; a; = 0.351, a; = 0.950, as = 0.950) was
compared against an Original Baseline (no OGR) and a
Conventional OGR (uniform m; = 2.54, no spray). As
shown in Fig. 3b, while Conventional OGR reduces Ehc by
utilizing high-grade sensible heat, it incurs increased
power penalties (Exc = 151.1 kWh/tCO>) and violates the
160 °C thermo-mechanical safety limit. The Optimized
OGR employs continuous droplet evaporation to cap
temperatures below 147.8 °C, limits E,. to 132.6
kWh/tCO,, and reduces TAC by 18.4% and 3.6% relative
to the Original and Conventional baselines, and the
COP¢q reaches 9.94.

Furthermore, adaptive control strategies under
fluctuating markets (Fig. 3c) reveal a critical electricity-
to-steam price ratio of 0.006. Below this threshold, a
heat-saving regime uses high ai, as and low o, to
maximize latent heat recovery. Above 0.006, electricity
costs dominate, prompting a power-saving regime that
holds downstream sprays at their upper bounds to

maximize evaporative cooling and approach isothermal
compression.
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Fig. 3 (a) Pareto front; (b) Techno-economic
comparison; (c) Optimal spray strategies

3.2 Interpretable thermodynamic mechanisms

To interpret the DNN predictions and evaluate the
control strategies, SHAP analysis was integrated with
mechanistic indicator diagrams (Fig. 4) [11,12].

The spray parameters exhibit conflicting
mechanisms. For power demand, Fig. 4b shows a U-
shaped marginal effect of al on E,. This data-driven
insight is mechanistically validated by the p-v indicator
diagram (Fig. 4c). The initial spray injection causes a
volumetric expansion penalty (+8.5 kWh/tCO,, red area)
due to increased mass. Yet, continuous evaporative
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Fig. 4 (a) SHAP summary; (b) non-linear effect of
a1, (c) p-v mechanistic indicator diagram; (d) T-s
mechanistic indicator diagram

cooling induces volumetric shrinkage in Stages 2 and 3,
yielding an area saving (-27.1 kWh/tCO, green area) that

offsets the penalty. This physical competition dictates
the optimal moderate value of a; = 0.351.

Conversely, for thermal recovery (Enc), SHAP (Fig. 4a)
reveals that high a, values penalize heat recovery.
Excessive cooling in the second stage suppresses the
discharge temperature, destroying the thermal driving
force required for the auxiliary reboiler. This
fundamental thermal conflict precisely explains why the
economic optimizer selects a remarkably low a; in the
heat-saving regime (Fig. 3c). Furthermore, as elucidated
by the T-s diagram (Fig. 4d), the optimized wet
compression trajectory dynamically forces the cooling
path into the two-phase mixture region. This structural
pathway shift replaces high-temperature sensible heat
with latent heat. Consequently, the optimized system
ensures high overall thermal recovery efficiency while
strictly complying with the 160 °C thermo-mechanical
safety threshold.

4. CONCLUSION

A machine learning-driven optimization framework
was developed to minimize the TAC of wet OGR systems.
The optimized non-uniform compression strategy
reduces specific power consumption to 131.9 kWh/tCO,
and achieves a minimum TAC of 87.80 million USD/yr (a
3.6% reduction vs. Conventional OGR). Interpretable
machine learning (SHAP) combined with p-v and T-s
diagrams revealed that the success of wet compression
relies on balancing the mass-addition penalty with
downstream evaporative volumetric shrinkage, while
preserving the thermal grade for latent heat recovery.
This approach establishes a transparent, adaptive
blueprint for carbon capture process optimization.
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