Local vs. Global: Achieving Better Raman Glucose
Detection with Simplified Models
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Introduction

Online glucose monitoring using Raman spectroscopy requires calibration models to translate spectra into concentrations’.
Conventional global models assume that a single calibration can capture all process conditions, but this assumption is invalid in
real fermentations due to variability between batches and temporal drift>. Consequently, model accuracy deteriorates over time,
resulting in reduced robustness and the need of frequent recalibration.

In this work, a local calibration? approach is investigated, where only the most relevant spectra are selected for each prediction to
build a context-specific model. This strategy aims to capture process variability more effectively and improve prediction reliability
under industrial conditions.
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Unlike the Global model, which uses all
the training data to build one model,
the Local approach uses only a few data
points to build a model adapted to each
new sample. Only the 20 spectra
closest to the new sample are selected
(Figure 1).
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Figure 2: Predicted glucose concentrations versus off-
line acquired reference concentrations, using a Global

model (blue - left) and Local models (pink — right).
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