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In this study, near-infrared (NIR) spectra were employed to monitor the ripening process of two kinds of soft
cheese produced in the Extremadura region of Spain, manufactured by two different producers, “Torta del Casar”
and “Queso de la Serena”. Spectra were collected from the interior of the cheeses and the rind and analysed using
appropriate chemometric techniques to distinguish between the two varieties and among different weeks of the
maturation process. Different chemometric tools, including multivariate curve resolution with alternating least-
squares (MCR-ALS), linear discriminant analysis (LDA), quadratic discriminant analysis (QDA), and feed-forward
artificial neural networks (FF-ANN), were utilised, resulting in outstanding discrimination outcomes with
sensitivity, precision, specificity, and accuracy reaching values c.a. 1.00 in optimal scenarios. More compre-
hensive information was acquired from the rind spectra analysis, indicating that the sampling process can be
performed without disturbing the cheese in a non-destructive way. Remarkably, the capability to distinguish
between various weeks of ripening for both cheeses could enable manufacturers to produce market-ready
products earlier than the typically established timeline.

1. Introduction

Two renowned cheeses, crafted in the Extremadura region, Spain,
using raw ewe milk, “Torta del Casar” (TC, from Caceres) and “Queso de
la Serena” (QS, from Badajoz), are distinguished by the prestigious
protected designation of origin (PDO). These cheeses represent the
essence of culinary excellence and cultural heritage and are a part of the
appreciated soft to semi-soft Spanish cheese tradition. Controlled under
specific regulations (EC, 1491/2003 for “Torta del Casar” [1] and 1107/
96 for queso de la Serena [2]) these cheeses adhere to rigorous stan-
dards, ensuring authenticity and preserving the rich tradition of cheese-
making in Extremadura.

During the ripening process of this kind of cheese, only a vegetable
coagulant extracted exclusively from Cynara cardunculus is used,
avoiding any additional starter culture. With the exclusive use of Merino
ewe raw milk and vegetable rennet, this process bestows their distinctive
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flavour profiles and textures. Throughout this process, the cheese fats
and proteins undergo a series of physical and chemical transformations,
ultimately shaping the sensory characteristics of the finished product.

These cheeses are usually consumed after 60 days of ripening.
However, an extended ageing period, generally up to 120 days, allows
their flavours to deepen and complexities to unfold. In this regard,
implementing online monitoring techniques to track the evolving
composition of cheese constituents is a valuable tool for comprehending
the ripening process. This approach not only aids in characterising
cheeses but also enables effective discrimination between various vari-
eties based on their unique development trajectories [3].

Near-infrared (NIR) spectroscopy could be considered one of the
most broadly used process analytical technologies (PAT) in the dairy
industry since it can detect molecular overtone and combination vi-
brations associated with C-H, N-H, O-H and S-H that are the most
common groups in food constituent molecules [4]. Particularly in cheese
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as a viable option for authentication purposes in the final product.
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