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Abstract

Food waste is often driven by consumer uncertainty about the spoilage of stored food,
especially for cooked meal leftovers where microbial growth is the main concern. We
analyzed whether metal oxide semiconductor (MOS) gas sensors placed inside ordinary
food containers can monitor the edibility of leftovers, specifically cooked meatballs. Sensors
were operated using temperature cycling to enhance selectivity, and cycle-aligned features
were extracted. A prior calibration campaign produced information used to map cycle-
aligned features into estimated gas concentrations for relevant VOCs. Total viable counts,
which represent the growth of total number of spoilage microorganisms, were analyzed
on days 0, 5 and 7 to determine the food’s freshness. Both the raw sensor features and the
calibration-derived gas concentration estimates were analyzed with principal component
analysis (PCA) and evaluated with a leave-one-sensor-out (LOSO) binary classifier for
multiple food containers. PCA on the calibrated gas estimates revealed a dominant axis
that consistently tracks food degradation over time across various containers. LOSO
classification accuracy improved from 81.7% using raw sensor features to 87.8% using
calibrated gas concentration estimates. These findings represent a proof of principle
that calibrated MOS sensor systems can robustly support in situ edibility assessment for
cooked food.

Keywords: gas sensors; MOS sensors; cooked food; edibility; temperature-cycled operation;
food freshness monitoring; microbiological validation; sensor calibration

1. Introduction
Approximately one-third of the world’s food is lost or wasted each year [1], with a

sizable share discarded at the end of the supply chain, particularly in households [2]. At
the end of the food supply chain, most of this waste comes from consumer uncertainty
about the true condition of stored food and conservative disposal practices driven by
“best before” or “use by” labels rather than objective freshness information [2]. Providing
reliable, on-site measures of food freshness can therefore help consumers to make informed
decisions, potentially leading to a decrease in unnecessary waste, and therefore enabling
reuse strategies consistent with circular-economy principles [1].
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Metal oxide semiconductor (MOS) gas sensors represent a promising technology
for food freshness monitoring due to their low cost, compactness, and ability to provide
continuous, real-time and in situ measurement [3–7].

The performance and selectivity of MOS sensors can be enhanced by temperature-cycled
operation (TCO), which modulates the temperature of the sensitive layer, to reach greater
selectivity in detecting various types of gases and expanding the quantitative ranges of
detectable substances [8–10]. Prior studies have demonstrated that arrays of commercially
available MOS sensors can detect gases emitted during spoilage of various foods (e.g., fruit)
and can track temporal patterns that correlate with stages of edibility [11–17].

However, few studies [18] have examined cooked meals to assess whether low-cost
gas sensors can estimate their edibility. Indeed, most studies on cooked food focus on
formulation strategies, packaging methods, and cooking methods, all of which are aimed
at controlling the food spoilage by microbial growth [19,20]. Hence, most physicochem-
ical property changes in food matrices are indirectly correlated with microbial growth
and spoilage.

Motivated by these challenges, in this work, we investigate whether MOS sensors
deployed inside ordinary commercial food-storage containers can reliably identify the
edibility state of cooked meatballs. This type of food was selected as a representative
cooked-meal matrix because it is an international dish; it combines key components found
in many prepared meals (minced meat, fat, moisture and spices) and thus encompasses the
chemical and microbiological processes that drive spoilage in cooked foods.

From an application perspective, meatballs are widely consumed in many regions and
commonly sold as ready-to-eat or precooked products, so methods that can reliably assess
their edibility have high relevance for consumers.

The experimental protocol consisted of three integrated elements: (i) deployment of the
MOS sensor, in controlled temperature-cycled operating mode, within sealed, commercial
food containers filled with meatballs; (ii) parallel microbiological analysis to quantify
total viable counts (TVCs) growth; and (iii) a comprehensive data processing pipeline
that, starting from raw sensor signals, extracts cycle-aligned features and culminates in a
projection of field measurements into a calibration-informed gas space that reconstructs
the temporal evolution of the food and a supervised classifier allowing binary edibility
decisions (edible/not edible).

By explicitly focusing on a cooked meat application and by validating sensor outputs
against microbiological ground truth in consumer-relevant containers, this work extends
the scope of MOS-based freshness sensing toward products and use cases that are of
direct practical concern to consumers. The results therefore not only contribute to the
sensor and data analysis methodology but also provide concrete proof of principle for
translating sensor research into household freshness aids that could reduce uncertainty-
driven food waste.

2. Materials and Methods
Over the course of a single controlled campaign, we instrumented consumer-grade

food storage containers with MOS sensors to follow the evolution of cooked meatballs as
they age under refrigerated storage. In this section, the experimental setup and sample
preparation, the microbiological analysis, the sensor hardware and operating conditions, the
pre-deployment calibration procedure, the data pipeline of the calibration procedure, the
field data processing and, finally, the supervised and unsupervised analysis are described.
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2.1. Experimental Setup and Sample Preparation

The cooked meatballs were purchased from a local supermarket at 11:00 on the first
day of the experiment. Meatballs from a local supermarket were chosen to increase the
experimental reproducibility and external relevance, since they are prepared according to
controlled, documented recipes and cooking conditions and therefore exhibit much lower
batch-to-batch variability than ad hoc self-made kitchen preparations. The tested meatballs
were composed of pork and beef meat that had been fried and cooked in an almond sauce.
A total of approx. 5.25 kg of meatballs was obtained. Immediately after purchase, the
supermarket trays were emptied into a single mixing pot and manually homogenized to
promote even distribution of the product. Homogenized food samples were then portioned
into identical experimental containers: each container received 350 g of meatballs and sauce
with an estimated filling precision of ±5 g. The moment that containers were closed and
sensors started to measure is defined as the start of day 0; this occurred approximately 4 h
after the purchase.

The experimental samples were stored in commercially available containers (IKEA,
Älmhult, Sweden), which represent a good equilibrium between the accuracy that labora-
tory glass containers may provide and what people may have at home: the heat-resistant
glass containers present an internal volume of 1.8 L and polypropylene lids with silicone
seals. Sensor cables and sensors were sterilized with UV light before insertion to avoid
contamination. Nine out of fifteen containers were instrumented, with a single MOS sensor
installed in each. Sensors were introduced through the lid (via their cable) and positioned in
the headspace beneath the lid, adjacent to an upper corner; sensors were therefore exposed
to container air only to sample volatiles released from the food but were not in physical
contact with the food to avoid contamination. The cable diameter and arrangement allowed
the lid to close while maintaining an overall hermetic seal of the container headspace.

All containers were placed within a commercial refrigerator, as can be seen in Fig-
ure 1. The refrigerator temperature was set to 6 ◦C via the appliance controls. During the
experiment, the fridge was opened on a daily basis for visual inspection, and, during the
biological sampling day, designated food containers were extracted from the fridge and
replaced after the biological analysis. Thus, the experimental procedure closely mimicked
the food storage practices of consumers.

Figure 1. Fridge with the food containers.

2.2. Microbiological Analysis

The experimental design consists of two setups: a discrete analysis with 12 food
containers and a continuous analysis with 3 food containers. These setups were designed
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to mimic common household food storage practices; specifically, whether consumers
repeatedly take portions from the same container (continuous use) or consume food from
separate, single-use containers (discrete use).

Quantitative microbiological analysis was performed for both setups on days 0, 5 and 7.
At each sampling point, three containers from the discrete setup and three containers from
the continuous setup were removed from the refrigerator for the microbiological analysis.

Discrete food containers, except those discarded after the microbiological analysis
at day 0, were retained with their respective sensors for sensor data collection. For both
samples, TVC growth [21,22] was quantified at each sampling point to estimate food quality.

As no specific microbiological criteria exist for household-prepared refrigerated foods,
microbiological criteria for ready-to-eat food regulations were considered [23–26]. Since
the microbiological thresholds vary slightly across the food categories, more stringent
limits were applied. Hence, a TVC below 6 log (CFU/g) was considered the upper limit of
marginal acceptable microbiological quality of the food. The experiment was conducted
until the microbiological spoilage threshold was exceeded.

2.3. Sensor Hardware and Operating Conditions

A total of 9 sensors were used for this analysis and have been deployed in 9 different
containers: one continuous food container, two containers related to the discrete analysis
of day 5, three containers related to the discrete analysis of day 7 and three containers
retained just for sensor data collection. The last three were prepared using food samples
from the same batch to ensure consistency. The MOS sensor used in this study was the
commercially available SGP40 [27] which contains four individual MOS sensing layers. The
first three layers of the MOS sensors were run in temperature-cycled operation [28] which
comprises twelve temperature jumps from high to low temperature, in the range 100 ◦C to
400 ◦C, as represented in Figure 2. In the high-temperature phase, the sensor was heated
at a maximum temperature of 400 ◦C for 5 s; after the high-temperature phase, the sensor
was operated at various low temperatures for 7 s. The temperature of the low-temperature
phase increased by 25 ◦C (starting from 100 ◦C) after each high-temperature phase. The
total length of each cycle was 144 s and data were recorded at a sample rate of 10 Hz.
An example of the logarithmic conductance of one sensor element that responds to this
temperature cycle is shown in Figure 3.

Figure 2. Temperature cycle profile of the first three sensitive layers.

The last layer of the SGP40 sensors was operated with a different temperature profile,
described in [28]: here, the temperature cycle repeats the same high and low temperature
levels. The high temperature is always set to 300 ◦C for 5 s, and the low temperature is
always set to 250 ◦C for 7 s.
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Figure 3. Example of the logarithmic conductance of the first sensing layer of the SGP40.

2.4. Calibration Procedure and Data Pipeline

A calibration was performed prior to the food experiments with the aim of calibrat-
ing the sensors to reduce sensor-to-sensor variability and improve the comparability of
headspace measurements in a predefined and controlled environment before using the
sensors in a real-world scenario. This procedure was not intended to provide chemically
rigorous quantification of every spoilage compound in complex food matrices; rather, it
supports classification by mapping processed sensor data into a calibrated representation
built from controlled VOC mixtures. Moreover, this procedure takes into account potential
interference from other environmental factors such as humidity fluctuations, which could
otherwise affect the readings.

The calibration was performed with a custom-built gas-mixing apparatus, described
in detail in [29]. The sensors were exposed to known concentrations of thirteen gases.
Based on previous studies regarding typical gases emitted by food and typical interfering
gases omnipresent in ambient air such as CO, H2 and humidity [30], a list of gases and
concentration ranges was selected for the calibration as shown in Table 1. Practical con-
straints, like gas bottles‘ availability, influenced the selection of calibration compounds,
and therefore the calibration set did not include certain meat-spoilage markers. Instead,
the resulting gas sensor responses were used to derive a multivariate transformation that
maps sensor outputs from the instrument (resistance/processed-features) domain into a
representation built around those calibration VOC mixtures, which is therefore referred
to as “VOC-space”. Note that the VOC mixtures contain representatives of relevant VOC
classes, thus allowing an application-independent calibration. For the calibration process,
over 230 unique gas mixtures, each 25 min long, were randomly created by using Latin
Hyper Cube sampling based on the chosen gases and their defined concentration ranges to
achieve a robust machine learning model for quantification of all gases [31].

After the calibration, a specific data workflow, represented in the left branch of
Figure 4, was followed: raw resistance signals were converted to conductance (G = 1/R)
and transformed to a natural logarithm of conductance (log G), which constitutes the pre-
processing part. Because the sensors were operated with temperature cycles of 144 s, each
cycle was partitioned into 144 equidistant segments of 10 samples which corresponded to
segments of one second each. For every segment, we computed two descriptive sensor
features: the arithmetic means and the slope (time derivative) across the segment. For each
gas-sensitive layer, these two operations produce 288 features per cycle: given the SGP40’s
four sensing layers, each cycle yields 1152 features. These steps were operated on each
sensor independently, as indicated by the text reading “independent” in the scheme of
the dataflow.

https://doi.org/10.3390/chemosensors14070148

https://doi.org/10.3390/chemosensors14070148


Chemosensors 2026, 14, 148 6 of 16

Table 1. List of substances with their respective concentration ranges included for the random gas
mixtures of the calibration procedure.

Compound Concentration

Minimum Maximum

R.H. at 23 ◦C 25% 70%
Carbon monoxide 100 ppb 2000 ppb

Hydrogen 25 ppb 1000 ppb
Acetaldehyde 10 ppb 1000 ppb

Acetone 10 ppb 1000 ppb
Ammonia 10 ppb 1000 ppb

Ethanol 10 ppb 1000 ppb
Ethyl acetate 150 ppb 1000 ppb

Formaldehyde 10 ppb 1000 ppb
Isopropanol 10 ppb 1000 ppb
Limonene 50 ppb 800 ppb
Methanol 10 ppb 1000 ppb
n-Hexane 10 ppb 1000 ppb
Toluene 10 ppb 1000 ppb

Figure 4. Representation of the complete data workflow.

Feature matrices from all sensors were pooled into a single global calibration dataset,
which is indicated by the text “global” in the scheme of the dataflow. Columns of the global
dataset were standardized by z-scoring (subtracting the column mean and dividing by the
column standard deviation). The computed column means and standard deviations were
retained as calibration parameters for later reuse. Principal component analysis (PCA) was
performed on the standardized global calibration matrix and a 20-component PCA space
was preserved as the calibration PC basis. These principal components were then used as
inputs to train separate partial least squares regression (PLSR) models, one for each target
gas, using a hold-out split scheme in which 20% of the dataset was reserved for testing.

https://doi.org/10.3390/chemosensors14070148
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In all the phases, the samples were divided based on the unique gas mixture for which
they were recorded, i.e., group-based, as explained in [32]. This achieves more reliable
and robust results as the test data are based on gas mixtures that are not contained in the
training data.

All exported calibration parameters (column-wise mean and standard deviation, PCA
space, and the trained per-gas PLSR models) were saved and cataloged for direct application
in the field data pipeline.

Field acquisition replicated the calibration acquisition settings: raw resistance val-
ues were recorded under the same TCO profile and sampled at the same acquisition rate.
Field preprocessing followed the calibration pipeline up to feature extraction. After the
feature extraction, the field data pipeline, depicted in Figure 4, splits into two complemen-
tary branches.

In the calibration-informed domain branch, field sensor features are processed by
reusing the parameters obtained during the calibration campaign: each field feature column
is first standardized using the column means and standard deviations computed on the
calibration dataset (i.e., calibration z-scoring), and the resulting standardized features are
projected onto the calibration PCA basis via the stored loadings. The trained global PLSR
regressors were applied to the projected scores on a per-segment, per-sensor basis to obtain
gas concentration estimates. Stacking these outputs produced a gas space representation
in which each cycle is described by one value per gas. As thirteen gases were used in the
calibration, each sensor output corresponds to a vector of thirteen features in the gas space.

For exploratory visualization, PCA was performed on the assembled gas space dataset
after column-wise standardization (z-scoring of the gas columns across the pooled field
samples) to inspect temporal trends and cluster structure. For supervised evaluation
we implemented a device-level generalization test using a leave-one-sensor-out (LOSO)
protocol across all sensors: for each fold, one sensor was held out as the test device and
the remaining sensors provided the training set. In each LOSO fold, the training features
were standardized column-wise (means and standard deviations computed on the training
set), and the same parameters were applied to the features of the held-out sensor. A
linear discriminant analysis (LDA) classifier was then trained on the standardized training
features and then used to predict labels for the excluded sensor. In a first step, a simple
two-class classification (edible vs. not-edible) was tested, which can be extended to allow a
more comprehensive assessment of the food state.

In the second branch of the data workflow designated the “sensor domain branch”, the
sensor features (means and slopes of log conductance for each segment of each sensor layer)
are used directly. As with the calibration-informed gas space branch, LOSO evaluation is
enforced: for each LOSO fold, column-wise means and standard deviations are computed
on the training sensors only; those training set parameters are then used to standardize
both the training data and the held-out sensor prior to testing. LDA is then trained on the
standardized training set and evaluated on the excluded sensor.

PCA was also performed on the sensor domain features for exploratory inspection,
with pooled standardization applied for visualization purposes.

In summary, both branches (calibration-informed domain and sensor domain) support
unsupervised exploration (PCA visualizations) and supervised evaluation (LOSO-LDA).
The leave-one-sensor-out (LOSO) protocol allows us to predict the performance of a generic
machine learning model for new sensors.
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3. Results and Discussion
3.1. Microbiological Analysis

The results of the microbiological analysis are shown in Table 2 for the discrete samples
and in Table 3 for the continuous samples: the tables show the TVC for each sample food
(also indicated as a replica) on each sampling day and, as a final row, the average of the
values of the replicas on the same sampling day along with the standard error, which is
also graphically represented in Figure 5.

Table 2. Results of the discrete samples TVC values over the sampling days.

Replicas Days

0 5 7

TVC Values [log (CFU/g)]

R1 n.d. 6.45 9.19
R2 n.d. 6.51 9.00
R3 n.d. 6.29 9.16

Average ± standard error n.d. 6.42 ± 0.06 9.12 ± 0.05

Table 3. Results of the continuous samples TVC values over the sampling days.

Replicas Days

0 5 7

TVC Values [log (CFU/g)]

R1 n.d. 6.45 9.26
R2 n.d. 6.34 8.68
R3 n.d. 6.20 9.03

Average ± standard error n.d. 6.33 ± 0.06 8.99 ± 0.14

Figure 5. Evolution of TVC in refrigerated cooked meatball samples over the storage trial, with the
discrete samples (blue) and the continuous samples (orange). The X- and Y-axis depict storage time
(days) and mean TVC values (log CFU/g) with standard error, respectively.

On day 0, the TVC was below the detection limit (not detectable, indicated as n.d. in
Tables 2 and 3); by day 5, the average TVC increased to 6.42 ± 0.06 log (CFU/g) in the
discrete samples and 6.33 ± 0.06 log (CFU/g) in the continuous samples and on day 7,
both types of samples reached around 9 log (CFU/g) which is far beyond the selected
threshold limit.

In addition, no significant difference in the TVC was observed between continuous and
discrete samples, so the reopening of food containers did not influence the development of
microbial growth in this experiment. By day 5, the TVC had exceeded the microbiological
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threshold of 6 log CFU/g adopted in this study (refer to Section 2.2). Accordingly, the
binary decision boundary (green as edible, red as non-edible) was set between days 4 and 5.

Sensor data were labeled according to the first microbiological milestone: sensor data
were labeled as “edible” if they were collected before the first biological measurement (TVC)
reaching or exceeding a TVC of 6 log (CFU/g), and “non-edible” if collected at or after
that timepoint. This constitutes a milestone-based label assignment tied to the measured
TVC threshold. Photographic documentation of the product was collected throughout the
campaign, as shown in Figure 6, to provide a visual correlation of microbiological data
and sensor data. Representative images taken on day 0, day 5 and day 7 show progressive
surface deterioration of the food matrix. Notably, a gray viscous film forms on the food
surface and the overall color becomes markedly greyer by day 5–7. These images further
support the microbiological evidence of food quality deterioration.

Figure 6. Pictures of the containers on the sampling days: (a): day 0, (b): day 5, (c): day 7.

3.2. Calibration

As described before, the sensors were calibrated prior to their deployment in the
food containers. The regressors trained during the calibration campaign were global PLSR
models that mapped standardized, PCA-projected sensor features to per-gas concentration
estimates. The results of the regressor models built during the calibration are shown in
Table 4: for each gas, the table lists the test root mean square error (RMSE) in ppb and the
relative accuracy computed as RMSE/(max − min), expressed as a percentage, over the
calibration range for that gas. These calibration diagnostics set an expectation of achiev-
able accuracy when applying the models to field recordings. While the relative accuracy
seems poor, with values between 15 and 30%, these values fall within the broader range of
variability reported for analytical chemistry methods, i.e., sampling followed by GC-MS
analysis as a gold standard [33]. It is important to note two limitations that have an impact
on the interpretation of Table 4 and on field gas concentration estimates in general. First,
the calibration mixtures were selected using literature-informed ranges for likely food and
ambient-related gases rather than from prior, product-specific quantification of gases result-
ing from spoilage processes; consequently, the regressors provide a broad, useful mapping
but are not chemically anchored to specific spoilage processes for this particular product.
Second, despite the calibration mapping, residual sensor-to-sensor variability remains (as
explored in the PCA and in LOSO classification), indicating opportunities for improved
calibration protocols (e.g., targeted exposures to spoilage volatile organic compounds,
transfer learning or domain adaptation methods [34]) to reduce inter-device bias.

https://doi.org/10.3390/chemosensors14070148
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Table 4. Performance of the regressors built during the calibration phase. The results are reported in
terms of RMSE (ppb) and relative accuracy (%).

Compound Error

RMSE [ppb] Rel. Acc. [%]

Carbon monoxide 355 19
Hydrogen 290 28

Acetaldehyde 233 23
Acetone 160 16

Ammonia 186 19
Ethanol 177 18

Ethyl acetate 127 15
Formaldehyde 283 30

Isopropanol 278 28
Limonene 114 15
Methanol 168 17
n-Hexane 283 29
Toluene 221 22

3.3. Unsupervised Learning

The TVC values, collected at scheduled sampling days, were used to derive binary
labels for supervised experiments: segments occurring after the initial stabilization window
(first 12 h after deployment) and up to day 4 were labeled “green” (edible), and segments
from day 5 onward were labeled “red” (not edible). To mitigate ambiguity at the micro-
biological threshold crossing, for supervised analysis, an additional transition window
spanning the last 6 h of day 4 and first 6 h of day 5 was excluded. For the exploratory
PCA on the sensor features and on the gas concentration estimates, only the first 12 h were
excluded; the transition window between day 4 and day 5 was not excluded for the PCA to
retain as much temporal information as possible for visualization. Some data gaps occurred
during deployment (early interruption and intermittent sensor outages), which fragmented
parts of the time series and motivated the conservative exclusion policy described above.

After preprocessing and exclusion windows, the average amount of samples per
sensor is approx. 1982 samples for the supervised learning analysis, of which approx.
1144 segments are labeled green (edible) and 838 segments are labeled red (not edible).

For exploratory analysis, we performed principal component analysis, cf. Figure 7, on
both the calibration-informed domain based on gas concentration estimates (a) and the sen-
sor domain features (b). The color indicates the sampling day: dark purple, corresponding
to the first day, transitions to yellow, corresponding to the last day. Both PCA views reveal
a pronounced temporal organization, but they differ in the clarity of the shared spoilage
trajectory and in the degree of residual device specific structure: when PCA is performed
on the calibration-informed domain based on gas concentration estimates, the first two
components explain a large fraction of variance (PC1 = 60.37%, PC2 = 25.61%). The pooled
PC1–PC2 scatter shows that samples from different containers, despite occupying different
positions at day 0, progressively converge and then translate coherently along PC1 as stor-
age time increases. This behavior supports the interpretation that the PC1 in the calibrated
gas space grasps the aging of the food: the dominant mode of variability corresponds to a
common temporal trend across food containers, while PC2 captures secondary variation,
e.g., residual sensor differences, minor compositional heterogeneities or transient environ-
mental effects. The PCA in the sensor domain yields comparable explained variance for
the first two components (PC1 ≈ 62.7%, PC2 ≈ 23.1%) and likewise shows a time-ordered
structure, but the pattern is less compact and exhibits more pronounced sensor-specific
clustering and vertical spread. In the sensor domain plot, individual sensors often appear
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as distinct branches or offset clusters, particularly at early times, and trajectories display
greater inter-device dispersion. This increased spread reflects the fact that sensor domain
features still contain device-specific information that the calibration procedure is designed
to reduce.

Figure 7. PCA of all sensors in the calibration-informed domain (a) and in the sensor domain (b).

Taken together, these results indicate that the temporal signal associated with spoilage
is present in both representations, but that the calibration-informed mapping produces a
cleaner, more device-agnostic manifestation of that signal.

Overall, PCA based on the gas concentration estimates provides a compact, low-
dimensional visualization of headspace chemical evolution and motivates the subsequent
supervised analysis by highlighting a consistent, time-ordered signal across devices.

3.4. Supervised Learning

As described before, to assess the ability of simple classifiers to generalize across
devices, we implemented a leave-one-sensor-out evaluation and trained a linear discrimi-
nant analysis classifier under two feature representations—the sensor domain one and the
calibration-informed one. LOSO was applied across all usable sensors so that, in each fold,
the classifier was trained on data from all but one sensor and tested on the held-out device.
The confusion matrices in Figure 8 show the sum of all the sample predictions, labelled in
green for edible samples and red for non-edible samples, from each LOSO test fold for the
LDA classifier applied to the calibration-informed domain (a) and to the sensor domain (b).

Figure 8. Confusion matrix of the LDA applied to features from the calibration-informed domain
(a) and the sensor domain (b) of all sensors.

Under this protocol, LDA trained on sensor domain features achieved an overall
accuracy of 81.7% across the LOSO folds, while LDA trained on the calibration-informed
gas space features (i.e., the gas concentration estimates) reached 87.8% accuracy. A full
set of performance metrics—accuracy, sensitivity, specificity, precision, F1 score and the
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false-green (false-negative) rate—for both the calibration-informed domain and the sensor
domain are reported in Table 5. The observed improvement indicates that the calibration
mapping and gas space representation reduce inter sensor variability relevant to the classi-
fication task and consequently improve cross-device generalization. These results support
the use of a calibration-informed, global modeling approach when the objective is to deploy
a single classifier across multiple, nominally identical MOS devices.

Table 5. LOSO performance of LDA classifiers for the calibration-informed domain and the sensor domain.

Metric Calibration-Informed Domain [%] Sensor
Domain [%]

Accuracy 87.8 81.7
Sensitivity 85.8 78.4
Specificity 89.3 84.2
Precision 85.4 78.4
F1-score 85.6 78.4

False green rate 14.2 21.6

3.5. Insight Single Device

To illustrate the practical impact of the calibration at the device level and to show the
agreement between sensor-derived signals and microbial growth, we present a detailed
case study for one specific sensor (sensor A). Figure 9 displays the confusion matrices
for this sensor under two LDA configurations: (a) classifier trained and applied in the
calibration-informed domain and (b) classifier trained and applied in the sensor domain.
The two confusion matrices in Figure 9 summarize all sample predictions obtained for this
sensor within its LOSO test fold, i.e., the data recorded for this sensor are not included in
the model training.

Figure 9. Confusion matrix of the LDA applied to features from the calibration-informed domain
(a) and sensor domain (b) for sensor A.

In both representations, the classifier correctly labeled red samples, i.e., non-edible
samples were misclassified as edible for this device under either feature representation.
Differences between domains are evident for the green class: in the sensor domain, the
classifier produced 854 true green predictions and 473 false red predictions, whereas in
the calibration-informed domain, the number of true green predictions increased to 933
and false red predictions decreased to 394. For this sensor, the domain shift introduced by
calibration therefore improved true green identification by 79 samples while maintaining
perfect detection of red samples.

Figure 5 places these classification outcomes in the context of the food container’s
microbial growth. The measured TVC growth, which is also reported in Table 2 for replica
R2, for this food container was not detected on day 0. It reached 6.51 log (CFU/g) on day 5
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(exceeding the 6 log (CFU/g) spoilage threshold) and culminated with 9 log (CFU/g) on
day 7.

In the single-container view, as shown in Figure 10, both the sensor domain and
the calibration-informed representations exhibit a clear, time-ordered trajectory, but they
convey complementary information. Projecting this food container’s segments into the
calibration-informed domain PCA space (a) produces a smooth rightward progression
along PC1 from day 1 through days 5 and 7, consistent with the pooled multi-sensor
observation that PC1 captures the dominant temporal change associated with the decrease
in freshness of the food. When the same food container is examined in the sensor domain
PCA (b), a similarly ordered temporal path is visible at the single-device level, indicating
that the principal temporal signal is present in the uncalibrated features.

Figure 10. PCA of the features from the calibration-informed domain (a) and sensor domain (b) for
sensor A.

However, the two projections differ in one important aspect: the calibration-informed
domain PCA places the food container trajectory into a common, device-agnostic space
where trajectories from different containers are more directly comparable, whereas the
sensor domain PCA retains device-specific offsets and scaling that manifest as larger
inter-device dispersion and branching in the pooled plot, cf. Figure 7.

These observations imply that calibration improves cross-device alignment of the
same underlying temporal signal but is not strictly required to observe a time-ordered
spoilage trend for an individual sensor. At the same time, interpretation must remain
cautious: the calibration-informed domain was derived from a calibration campaign that
did not include quantified exposures for every specific spoilage volatile organic compound
(VOC) emitted by these meatballs. Therefore, while PC1 provides a reproducible, low-
dimensional descriptor headspace’s dynamic of the food container and correlates well
with the observed microbiological deterioration, we cannot unambiguously attribute PC1
variation to one particular chemical species or microbiological processes without targeted
chemical identification or product-specific calibration.

4. Conclusions
This study provides a proof of principle that MOS sensor systems deployed inside

ordinary consumer containers can detect headspace changes that relate to spoilage pro-
gression of a cooked-meat product, as validated by microbiological analysis, and allow
edibility classification.

In an unsupervised analysis, PCA on calibration-informed gas concentration estimates
revealed a dominant temporal axis (PC1) along which samples from different containers
align as spoilage advances.

In a supervised evaluation, an LDA classifier tested under a leave-one-sensor-out
protocol achieved 81.7% accuracy on features from the sensor domain which improved to
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87.8% accuracy for the calibration-informed domain, proving that the calibration improved
cross-device generalization and reduced false red alerts in the examined cases.

Cooked foods present a distinct challenge relative to raw items: VOC emissions
reflect overlapping chemical and biological processes. Consumers care foremost about
biological safety for cooked meals, not about abstract chemical markers. By validating
sensor outputs directly against microbiological measures in consumer-relevant containers,
this work moves MOS sensing from laboratory demonstrations toward applications that
address real consumer concerns for cooked meals.

Nevertheless, achieving practical robustness, reliability and generalizability will re-
quire systematic consideration of many factors: generalization ability under different
batches, aging conditions, and environmental conditions, as well as multiple brands and
varied cooking methods so that the approach can be validated and applied to other prod-
ucts. This work represents a first step toward the development of a methodology that could
be adapted to a broad range of cooked meals using a common sensor platform together
with appropriate data processing.

Following this path, future works aim to inform users in time for them to use the food
safely before it is spoiled. This objective goes beyond the capabilities of the human nose:
while humans can often recognize spoilage, they cannot reliably predict the remaining safe
lifetime of a prepared food.

Although we do not report GC–MS compound identification in this campaign, the
combination of a calibration pipeline (to reduce device bias) and microbiological validation
provides the operational evidence required to develop actionable classifiers for food quality
degradation decisions.

Several constraints limit the present study’s generality. The calibration campaign did
not include product-specific, quantified exposures for relevant spoilage VOCs but relied
on gases and concentration ranges found in the literature; the study was limited to one
experimental campaign and a modest number of devices, with some data fragmentation;
broader campaigns are needed to establish robustness across batches and conditions. These
factors restrict the chemical interpretability of individual gas concentration estimates
and call for caution when extrapolating the classifier to other products, sensor batches
or environments.

To increase robustness, interpretability and applicability, future works should take into
account designed calibration exposures and GC-MS profiling that include spoilage-relevant
VOCs for a range of cooked-meal recipes to produce chemically anchored regressors. Dedi-
cated controls and stability studies are required: empty container and sensor-only monitor-
ing, as well as long-term continuous recordings, will characterize baseline drift and sensor
degradation in realistic storage conditions. Researchers should consider evaluating recent
2D gas-sensing materials for their potential to improve sensitivity and selectivity as well
as advanced modeling, domain adaptation (e.g., nonlinear regressors, sensor-specific bias
correction, and transfer learning) to further reduce inter-sensor variability while limiting
the need for frequent per-device recalibration and include denser microbiological sampling
around the transition and a formal sensitivity analysis using alternative cutoff times.
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