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1. Introduction

The rapid emergence of novel bioprocesses and
bio-based products has increased the need for
robust and fast Life Cycle Assessment (LCA) to
determine whether these technologies deliver
genuine environmental benefits [1]. However,
most of these bioprocesses are in the early
development stage and rely on confidential
proprietary technologies [1], [2]. Both of these
factors result in limited life cycle data
availability, and ultimately missing life cycle
impacts for bio-derived industrial chemicals.
These data gaps propagate across value chains,
hindering downstream industries from
accurately quantifying environmental impacts
via LCA [3], [4]. The main factor of this
limitation is the risk of disclosing sensitive
information related to upstream processing
technologies, which restricts data sharing and
reduces transparency [4]. To address this issue,
we propose a surrogate modelling framework
based on artificial neural networks (ANNSs)
trained on detailed first-principles process
models calibrated with industrial data. This
framework enables the prediction of
environmental impacts via LCA without
disclosing the underlying process, thus
preserving the intellectual property.

2. Methodology and Results

The case study that was chosen to validate this
framework was a biomass fractionation process
developed and patented by Sonichem Ltd [5].
This process is based on the use of organic
solvents (such as acids, alcohols, ketones, etc.)
commonly known as “organosolv” [6] in
combination with ultrasound technology. Based
on the process flow diagrams and available
data, a fully described process model was
developed in Python and Aspen Plus. The
process model was designed based on the
typical biomass throughput per batch
operation. The inputs to the model consisted of
key design and operating parameters (e.g.,
oxalic acid concentration), reflecting the
degrees of freedom available to the industrial
partner. The model outputs were defined to be
the life cycle inventory (LCI) flows such as the

total electricity consumption. For the
development of the surrogate model, an ANN
was chosen since they are regarded as universal
approximators and their capability to handle
high dimensional input spaces [7]. A dataset
comprising of 20,000 training simulations and
2,000 testing simulations was generated using
the process model, within the operability limits
specified by the company. The trained ANN was
then used to predict the LCI flows directly from
the process input parameters. Life Cycle
Assessment (LCA) calculations for nine
environmental impacts were then performed
based on the predicted LCIs using a cradle-to-
gate system boundary and applying the
Environmental Footprint 3.0 methodology.
Through grid-search, the optimal ANN structure
was identified as two hidden layers with 64 and
32 neurons, respectively. The trained model
achieved an average coefficient of
determination of R? = 0.92 across the predicted
LCI flows. Consequently, the LCA results
derived from  surrogate-predicted LCIs
exhibited a level of accuracy comparable to the
process simulation calculations. The surrogate
model successfully captured the nonlinear
interaction between process units across
different input combinations and identified the
set of inputs associated with the lowest
greenhouse gas emissions. Furthermore, both
the mechanistic model and the surrogate-based
LCA identified consistent environmental
hotspots, demonstrating the reliability of the
proposed framework. Overall, the proposed
framework provides a robust methodology for
predicting environmental impacts under data
confidentiality constraints, supporting
informed decision-making during early-stage
process development.
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