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Abstract

This study presents a novel approach for model-based calibration transfer and drift com-
pensation for metal oxide semiconductor (MOS) gas sensors. The sensors are lab-calibrated
and different calibration models for each of the eight volatiles contained in the calibration
are trained to allow for an interpretable quantification of individual volatiles in complex
mixtures. Calibration transfer and drift compensation are used to compensate for domain
shifts that particularly affect the model accuracy. Here, several domain shifts are considered,
e.g., sensor-to-sensor variation among different production batches (calibration transfer)
or time-related changes in sensor response like poisoning and aging (drift compensation).
Such domain shifts can lead to a substantial performance degradation and are critical for
reliable field deployment. Since interpretable and robust machine learning algorithms
based on feature extraction, feature selection, and regression (FESR) are not inherently
capable of model-based calibration transfer and drift compensation, recalibration typically
requires time-consuming and labor-intensive laboratory calibration procedures. To address
this challenge, a novel approach represents the interpretable FESR machine learning mod-
els as a deep neural network (IDNNRep), enabling the application of transfer learning
techniques from the field of deep neural networks (DNNs). This allows the reuse of knowl-
edge gained in an initial calibration domain and facilitates model transfer using only a
small amount of new calibration data, thereby reducing calibration effort and time. The
proposed method is evaluated across multiple gases, including acetone and toluene, for
four domain-shift scenarios and compared with FESR models retrained exclusively on data
from the new domain and orthogonal signal correction (OSC). The results demonstrate that
the proposed approach reduces the root mean square error (RMSE) compared to the initial
model, achieving values of 18.0–28.0 ppb (normalized RMSE: 6.3–9.3%) for both gases with
only 0.1 of the calibration data, resulting in a reduction of up to 93% compared to the initial
calibration model and 89% compared to the OSC. Furthermore, due to the interpretable
nature of the underlying FESR structure, the calibration transfer enables additional sensor-
and gas-specific insights.

Keywords: interpretable machine learning; transfer learning; MOS gas sensors; calibration
transfer; laboratory calibration; neural network representation

1. Introduction
According to the Global Burden of Diseases, Injuries, and Risk Factors Study (GBD)

2019 published in 2020, air pollution was responsible for approximately 6.7 million pre-
mature deaths worldwide in 2019 [1]. Reducing this substantial health burden requires
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a detailed understanding of both outdoor and indoor air quality (IAQ), particularly re-
garding toxic and harmful components. However, air represents a highly complex and
dynamic mixture of gases and particulate matter, making comprehensive identification and
quantification of all substances challenging [2,3]. For IAQ, accurately detecting volatile
organic compounds (VOCs) which mainly affect the air quality is essential [4,5]. For indoor
and especially outdoor monitoring applications, dense sensor networks are often needed
to adequately cover the monitored space [6], which leads to the need for low-cost air
monitoring systems. Most analytical measurement systems that enable highly accurate
gas estimations [7] are costly, often require expert knowledge to operate, and represent
spot measurements, which prevents widespread use, or are limited continuous online
measurements [8].

Sensor systems are often based on metal oxide semiconductor (MOS) gas sensors as
a cost-effective solution, enabling the development of compact real-time in situ sensor
systems [9]. However, their inherent lack of selectivity limits their ability to quantify
specific gases accurately. One approach is to use sensor arrays to increase the selectivity [10].
Alternatively, dynamic operation like temperature-cycled operation (TCO) has been proven
to increase the selectivity and also improve sensitivity [11]. For IAQ, it was proven that
the combination of a multipixel sensor and TCO allows quantification of single VOCs in
complex mixtures with an uncertainty outperforming even standard analytics [12]. Based
on complex lab calibration machine learning (ML)-based calibration models are trained for
quantification of individual components in complex mixtures with up to 16 independent
components [13]. The calibration model interprets complex sensor response patterns,
especially in the transient response after temperature changes, and provides quantitative
outputs as gas concentration [14]. The ML models are trained on calibration datasets
recorded under controlled lab conditions using a gas mixing apparatus (GMA) capable
of generating well-defined and complex gas mixtures [15]. However, responses from
MOS sensors of the same type will typically exhibit slight differences. These changes in
characteristics can be caused by minor changes in manufacturing [16], which slightly alter
the actual hotplate temperature [17] or the behavior of the sensitive layers [18,19], especially
when produced in a different production batch. Another challenge can occur when sensors
are operated in the field, as the sensitive layers can drift over time [7,18,20]. Consequently,
each sensor calibration model must be recalibrated to continue accurately estimating the
target gas concentration, resulting in a time-consuming, high-effort calibration process.

Consequently, individual calibration procedures and dedicated calibration models are
required for each sensor to ensure reliable gas estimation. This additional effort partially
offsets the inherent cost advantage of low-cost MOS sensor technology.

Beyond robust model development based on feature extraction, feature selection,
and regression (FESR) [21], previous studies have introduced calibration transfer and
drift compensations approaches, including direct standardization and orthogonal signal
correction, to reduce the calibration effort [22,23]. These methods compensate for systematic
inter-sensor variations at an early stage of signal processing, i.e., manipulating the sensor
raw data, enabling consistent predictions across different devices. While effective for small
shifts in MOS sensor data, their performance decreases with more significant domain
shifts [24]. Another drawback of direct standardization is that exactly the same test gas
mixture is needed for the correction as used in the initial calibration, which is often not
feasible. Significant domain shifts can be the transferring of a calibration model across
different production batches (calibration transfer) or the accounting for changes in sensor
responses over time (poisoning and sensor drift) due to irreversible alterations in the
sensing layer (sub-sensor) of MOS gas sensors [25,26]. Reversible sensor drift is not
considered in this study.
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An alternative approach involves using deep neural networks (DNNs), which enable
transfer learning (TL) by fine-tuning a pre-trained DNN calibration model with data from
new sensors [26,27]. These model-based calibration techniques enable adaptation to a new
domain after a significant domain shift with a reduced amount of calibration data from
the new domain. Although DNN-based models can achieve high predictive accuracy and
support model-based calibration transfer, they often operate as black boxes with limited
interpretability [28] and require comparatively large datasets to train from scratch [29].
Additionally, the DNN exhibits reduced robustness to significant domain shifts, resulting
in decreased accuracy without the collection of a novel calibration dataset [30]. Beside this,
the introduced DNN requires high storage effort and computational complexity [31].

To address these limitations, a recent study proposed a novel framework that repre-
sents the inference procedure of an FESR model as dedicated DNN layers, allowing efficient
implementation on edge hardware with a comparably small memory requirement [32].
This interpretable Deep Neural Network Representation (IDNNRep) approach preserves
the interpretability and robustness of conventional FESR models while simultaneously
improving computational efficiency and reducing inference time [33]. To reduce calibra-
tion time, the IDNNRep enables a model-based calibration transfer strategy based on TL
without sacrificing transparency, by retraining specific layers of the IDNNRep to adapt to
the novel domain. This method is explained in detail in the method section. In addition to
introducing model-based calibration transfer, the novel approach allows interpretation of
the changes observed during retraining. The interpretability of changes in the retrained
model can facilitate deeper insights into sensor- and gas-specific behavior, providing valu-
able guidance for optimizing future calibration procedures and understanding the sensor’s
sensitive layers.

In this context, the present work investigates the transferability of an initial FESR-
based calibration model to sensors originating from a different production batch using a
reduced set of unique gas mixtures (UGMs) for the transfer. Beyond inter-batch model
transfer, this study also addresses recalibration of sensor-specific models to compensate
for irreversible alterations in the sensitive sensor layer over time, leading to drift in sensor
response and consequent degradation in quantification accuracy.

In this study, multiple initial FESR-based calibration models for different target gases
are implemented as DNNs and subsequently transferred to a novel domain. This approach
demonstrates the feasibility of model-based calibration transfer while preserving the inter-
pretability of the underlying calibration models. The investigation focuses on two different
gases out of a mixture of eight independent gas components and four different domain
shifts. The proposed interpretable, model-based calibration transfer approach is evaluated
across varying numbers of transfer samples, i.e., calibration points, and benchmarked
against the performance of the initial calibration model, the OSC and an FESR model
retrained exclusively on the corresponding transfer samples. In addition, the paper also
investigates the interpretability of the calibration transfer and aims to gain novel insights
into the various sub-sensors and the calibration process itself.

The paper is structured as follows: Section 2 describes the used dataset and methods,
including the IDNNRep, the novel model-based calibration transfer, and the domain-shift
scenarios used. Section 3 presents the results of the calibration transfer and interprets the
changes obtained during that process. Section 4 discusses the results for the different gases,
and Section 5 concludes the paper and gives an outlook on future work.
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2. Materials and Methods
2.1. Dataset

For gas concentration quantifications based on MOS gas sensors and ML, the dataset
used to calibrate the sensor model serves as the fundamental basis for achieving selectivity
and accurate quantification. For this purpose, a custom-built GMA [16] was used to enable
the generation of complex UGMs to generate calibration datasets for MOS sensors. The
GMA allows arbitrary UGMs, each consisting of up to 16 independent gases over a wide
concentration range from sub-ppb up to several tens of ppm without changing gas cylinders.
The open-access dataset used in this study is published on Zenodo [34] and was acquired
with this GMA and generated specifically to investigate the effects of batch variability
and sensor drift over time. The dataset consists of two lab calibrations of seven MOS gas
sensors, i.e., multipixel sensors SGP40, Sensirion AG, Staefa, Switzerland, with each sensor
containing four gas-sensitive layers (sub-sensors). All sensors are operated in TCO (see
Figure 1a) to enhance the sensitivity and selectivity of the sub-sensors. With temperature
modulation, the sensor is never in a steady-state condition and transient responses are
induced providing high-dimensional information [7]. Since, primarily, the shape of the
sensor response changes in different mixtures, the use of form-describing feature extraction
algorithms is favorable in the calibration model, see Figure 1b.

(a) (b) 

Figure 1. (a) Temperature cycle consisting of twelve temperature steps from 400 ◦C to a lower
temperature in the range of 100 ◦C and 375 ◦C, combined with the responses of the four sub-sensors.
(b) The scheme for the data processing of the raw data leading to the gas quantification.

The dataset consists of two calibration runs with seven MOS gas sensors, each com-
prising 200 UGMs, where each UGM is represented by several temperature cycles, which
results in a larger number of samples. Between these two calibrations, the sensors were
operated in the field for one year leading to some sensor degradation and drift. Addition-
ally, the seven sensors are from two production batches representing a second domain shift:
three sensors are from batch 1 and four from batch 2, which also allows studying the effects
of transferring calibration models between different batches. Since the data splitting is
performed on the UGM level, the dataset is balanced in terms of the number of UGMs. The
gases used in the two calibrations are listed in Table 1:
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Table 1. Concentration ranges for all target gases are divided into the first and second calibration
within the dataset.

First Calibration Second Calibration

Volatiles Min. Max. Min. Max.

Acetone 1 ppb 300 ppb 1 ppb 300 ppb
Carbon monoxide 100 ppb 2000 ppb - -

Ethanol 1 ppb 300 ppb 1 ppb 300 ppb
Ethyl acetate 1 ppb 300 ppb - -

Formaldehyde 1 ppb 300 ppb 1 ppb 300 ppb
Hydrogen 400 ppb 1900 ppb 400 ppb 1900 ppb

Toluene 1 ppb 300 ppb 1 ppb 300 ppb
Rel. humidity @20 ◦C 25% RH 70% RH 25% RH 75% RH

Since carbon monoxide and ethyl acetate are not included in the second calibration,
this paper focuses on acetone and toluene as indicators for indoor air quality, which are
contained in both calibration runs. Both gases are representative VOCs that are particularly
relevant for indoor air quality (IAQ) monitoring. Acetone is commonly emitted from sol-
vents and the human metabolism, while toluene is a widespread aromatic VOC originating
from paints and coatings. Their distinct chemical properties and sensor response character-
istics provide a representative basis for evaluating the proposed methodology. Results for
the remaining gases included in the dataset are listed in Appendix A. The results are similar
to those reported for acetone und toluene; the conclusions can therefore be generalized to
other gases. Regarding the different sensor batches and the two calibrations, four relevant
domain-shift scenarios are defined, as illustrated in Figure 2, excluding the combination of
calibration transfer and sensor drift. Note that each scenario could, in principle, also be
examined in the reverse direction, but this is out of the scope of this paper.

Figure 2. Overview of the four domain shifts, i.e., batch-to-batch, time shift batch 1, time shift batch 2
and batch-to-batch shift after one year of field operation, investigated in the dataset.

For each domain-shift scenario, the data are split into a base domain and a target
domain. The base domain represents the origin of the data on which the calibration model
was initially trained. The target domain captures the substantial changes the calibration
model may encounter when transferred from a different batch to a sensor, as well as changes
in the sensor response over time. In Figure 2, the base domain corresponds to the origin of
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the shift, i.e., the starting point of the arrow, while the target domain denotes its endpoint,
i.e., the tip of the arrow. For each evaluation, the data splitting is performed as shown
in Figure 3. Data splitting is based on UGMs, ensuring the model does not see the same
UGMs in training and testing, i.e., has to interpret unknown gas mixtures in the test phase.

 

Figure 3. Scheme of the data evaluation splitting for the calibration transfer and the drift compenstation.

2.2. FESR Calibration Model

The underlying ML approach for the calibration model in this study is the FESR
algorithm. These methods are available in the open-source automated Machine Learning
Toolbox of the Lab for Measurement Technology at the Saarland University [35]. The FESR
model enables the construction of a robust, interpretable regression model to quantify the
target gas concentration. This method was used in several studies and achieved good
results in estimating gas concentrations [13]. The goal is to learn the dependencies between
the input data and the target gas concentration during training for all gases included in
the calibration.

The feature extraction algorithm divides the data from the four sub-sensors of the
SGP40 gas sensor into equidistant one-second segments. For each of these one-second
segments, the mean and slope are calculated, resulting in 288 features per sub-sensor and
a total of 1152 features. After calculating the form-describing features, all features are
z-score standardized, i.e., resulting in a mean of zero and a standard deviation of 1 for
each feature. In the following step, the most relevant extracted features are selected using
Recursive Feature Elimination with Least Squares Regression (RFE-LSR) [36]. Since the
FS and the regression are trainable parts, each gas is trained separately, which results
in a single gas model. During training, the algorithm iteratively refines the feature set
by evaluating regression coefficients and eliminating the least important feature. This
allows the algorithm to find a suitable number of features by retaining the most significant
ones. In the last step, Partial Least Squares Regression (PLSR) models the relationship
between the selected features and the actual gas concentration by projecting them into a
lower-dimensional latent space [37].

2.3. Interpretable Deep Neural Network Representation

The IDNNRep of the inference of the FESR calibration model introduced in Section 2.2
is described in detail in the following sub-sections. For this purpose, the method breaks
down the static inference into basic mathematical operations, such as multiplication, ad-
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dition, and pooling. These basic operations, mostly based on matrix calculations, can
then be implemented as neural network layers. In this section, each algorithm inference
is first presented based on its fundamental computational formulation. Subsequently, its
representation in terms of matrix–vector operations is provided, which can be directly
mapped to the corresponding DNN layers (see Figure 4). This allows for understanding
the architecture of the IDNNRep and the retraining process of the FESR calibration model.

 

Figure 4. Interpretable IDNNRep of the FESR calibration model.

2.3.1. Feature Extraction

The mean xk of each segment, as well as the combined means
→
x can be represented by

the following matrix multiplication of Ar,c with the input signal xi where k is the number
of the segments, l the length of the segments and i the input signal length:

xk =
1
l ∑vk+1

j=vk
xj, (1)

→
x = Ar,c


x1

x2
...
xi

, where Ar,c =


1
l

, (r − 1)l < c < rl

0, otherwise
∈ R k×i (2)

Similarly, the calculation of the slope bk of each segment and the combined slopes
→
b k

can be represented by the following equations, where 1l ∈ Rl represents a vector of ones
with length l:

bk =
∑

vk+1
j=vk

(
tj − tk

)(
xj − xk

)
∑

vk+1
j=vk

(
tj − tk

)2 (3)
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→
b =

Ar,c ·





x1

x2
...
xi

−


x11l
x21l
...
xk1l


⊙




t1

t2
...
ti

−


t11l
t21l
...
tk1l








t1

t2
...
ti

−


t11l
t21l
...
tk1l


⊙




t1

t2
...
ti

−


t11l
t21l
...
tk1l




, where


x11l
x21l
...
xk1l

 ∈ Rk∗l (4)

With the formulation as matrix multiplications, it is possible to represent the mean and
slope calculation with neural network layers resulting in a layer graph as shown in Figure 4.
The fractions presented in Equation (4) and thereafter represent the element-wise division
of vectors, where the division operator is applied to each corresponding pair of entries.

2.3.2. Standardization

The z-score standardization subtracts the mean of each feature and subsequently scales
the result by the corresponding standard deviation. For a single feature, the standardized
value z is computed as:

z =
feat − µ

σ
, (5)

where µ denotes the mean and σ the standard deviation of the feature, calculated during the
training process. For the following calculations, the z-score standardization applied to each
feature can be represented as a vector–vector subtraction and matrix–vector multiplication:

→
z =


σ1 0 · · · 0 0
0 σ2 · · · · · · 0
...

...
... · · ·

...
0 0 0 · · · σ2k






x1

b1
...

xk

bk

−


µ1

µ2
...

µ2k−1

µ2k



, (6)

2.3.3. Feature Selection

The following feature selection reduces dimensionality and selects only the most
significant features, using the RFE-LSR algorithm. For inference, the feature selection
keeps only the n most significant features identified during training. Independent of the
underlying algorithm, to select the most important features, each feature selection is imple-
mented the same way and can be expressed with the following matrix–vectormultiplication,
where WFS ∈ Rn × k and each row of WFS contains exactly one non-zero element, with the
value one:

→
z FS = WFS


z1
...
z2k

 ∈ Rn (7)

2.3.4. Regression

The last part of the FESR algorithm is the PLSR. In the inference process, the
PLSR’s linear transformation learned in training can be applied by multiplying the corre-
sponding regression coefficients beta and adding the intercept, β0, to quantify the target
gas concentrations.

c=
[

β1 · · · βn

]→
z FS+β0 (8)
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2.3.5. IDNNRep FESR Calibration Model

The final representation of the full FESR calibration model is a concatenation of the
algorithms presented in detail above. The most commonly used layer is the fully connected
layer, which implements vector–matrix multiplication using the weight matrix W and a
subsequent bias addition, which can be initialized with the corresponding values. Besides
this DNN layer type, one addition layer and one concatenation layer are used. Figure 4
represents the IDNNRep transforming the time series of all four sensor layers to the output
concentration c of the target gas; a more detailed description can be found in [32]. Figure 4
also demonstrates that interpretability is preserved in the IDNNRep. The output of each
layer can still be traced back to an interpretable value that explains sensor behavior and
provides information about each sub-sensor’s input to the final concentration output.

2.4. Data Evaluation for the Calibration Transfer and Drift Compensation

The data evaluation of the calibration transfer and drift compensation is described in
the following section, including the four significant domain shifts: two in the sensor batch
and two in the time domain. To investigate the novel approach, an initial calibration model
in the base domain is created, referred to as the initial model, as seen in Figure 5. This model
is transformed into a neural network using IDNNRep and subsequently retrained on a split
of the target-domain training data, as seen in Figure 3. For the retraining process, the feature
extraction and standardization are frozen, and only the feature selection and the PLSR
layers are retrained. This results in the retraining of two fully connected layers comprising
approx. 288k learnable parameters, resulting in a comparatively low computational cost for
model adaptation compared to the approach shown in [31]. The retraining process starts
with a learning rate of 10−1 and drops the learning rate every 10 epochs with a learning
rate drop factor of 0.9. As a result of the retraining process, the feature selection matrix
WFS, which originally consisted of binary values (0 and 1), changes during the retraining
into a continuous weighting matrix with arbitrary real-valued coefficients while keeping
the dimension WFS ∈ Rn × k. This enables the calibration model to adjust the contribution
of previously selected features and to reintroduce features that were effectively excluded
by the original feature selection step. The transformation of the binary feature selection
weights into continuous feature weights is enabled by gradient-based optimization using
standard backpropagation. During retraining, the original binary feature selection matrix
WFS is fine-tuned to continuous values, allowing the contribution of each feature to be
adjusted according to the target domain. Compared with a fixed binary feature selection,
this increases the flexibility of the model by enlarging the optimization space, which
can improve the adaptation performance while preserving the interpretable structure of
the original FESR algorithm. In addition to the retraining of the feature selection layer,
retraining the PLSR layer allows the regression coefficients to be adapted to the target
domain, thereby further improving the model’s ability to account for domain-specific
characteristics and enhancing overall transfer performance. During retraining, the PLSR
layer no longer strictly preserves the variance-explaining properties of the original PLSR
model, as its parameters are fine-tuned using backpropagation. Instead, the layer can be
interpreted as a learned linear transformation that adapts the newly weighted features to
the target-domain concentrations. This approach is compared with the standard approach
of building a model from scratch, using the same FESR model architecture and the same
tuning samples used for retraining the IDNNRep calibration model. This model is called
the target-domain model. The train UGMs are split into 0.1 (10%) folds and iteratively
increased from 0.1 to 1 (100%) of the training data in the target domain, as shown in Figure 3.
To study the influence of the UGM selection, each split is performed 10 times. Due to the
deterministic training of FESR, the error bars shown in the results describe the influence of
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the UGM selection, i.e., the variance over the 10 repetitions. Besides the comparison with
the target-domain model, the proposed IDNNRep retraining approach is also evaluated
against OSC, in which one orthogonal component is removed as introduced in [38]. The
data used for the OSC algorithms are 100% of the base domain training data. DS was
not considered because Calibration 1 and Calibration 2 differ in the gas compositions of
the UGM and the target gas concentrations. Since DS requires corresponding transfer
samples measured under both conditions, it is not applicable in this experimental setup.
This highlights a key limitation of DS, whereas neither OSC nor the proposed IDNNRep
retraining requires such identical calibration samples.

 

Figure 5. Scheme for evaluating the different models for calibration transfer.

The novel approach allows adjustments to be traced directly back to the extracted
features, without the need for additional XAI (Explainable AI) techniques [39]. This
provides a more transparent view of the influence of individual features on the model
adaptation. To understand the influence of each feature, it is necessary to examine how the
concentration quantifications are computed. The specific concentration c is calculated from
the extracted features as follows:

c =
[

β1 · · · βn

](
WFS

→
z
)
+ β0 (9)

Equation (11) describes the weighting of each selected feature for the estimation of the
gas concentration. Since the transfer learning only retrains the FS and PLSR layers, changes
in the layer weights directly influence the importance of each feature for gas concentration
quantification. For this purpose, changes in the PLSR components and the FS layer are
combined to return the extracted feature to its specific value. The changes in the feature
weights d f eat are calculated as shown in (10), with W ′

FS β′PLSR as the new weights of
the features. After the calculation, the d f eat is rescaled, to show the relative changes as
described in (11):

d f eat = abs(( WFS β PLSR)−
(

W ′
FS β′

PLSR

)
) (10)

d f eat_scale =
d f eat − min

(
d f eat

)
max

(
d f eat

)
− min

(
d f eat

) (11)
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This allows us to analyze the change in feature weighting for each feature individually.
The detection of relevant features changes is discussed in the results chapter.

3. Results
Before presenting the results of the novel interpretable and model-based calibration

transfer, a brief exploration of the data is provided. The domain shifts included in this study
are shown in Figure 2. This study presents two types of domain shifts in MOS gas sensing:
batch-to-batch and drift. To demonstrate the significant shift in the data distribution, a
standardized PCA [40] is applied to the mean and slope features of the one-second intervals
and shown in Figure 6. The PCA plots show a significant shift in the sensor data for all
four domain shifts. The drift effect is reflected by a significant shift along the first principal
component (PC), while the batch shift results in a shift primarily along the 2nd PC for the
sensors before field operation and in both PCs for the sensors after field operation. The
stronger domain shift is observed for drift, which could make it more difficult to adapt the
model for drift compensation.

 
Figure 6. Scatter plot of the standardized principal component analysis for the different domains of
the features.

The dataset comprises multiple domain-shift scenarios originating from both calibra-
tion transfer between different sensor batches and irreversible sensor drift. Furthermore, the
included UGMs comprise eight VOCs, resulting in complex nonlinear sensor response char-
acteristics and a challenging calibration task. As illustrated by the PCA analysis (Figure 6),
the source and target domains exhibit a clear separation with varying cluster distances,
indicating domain shifts of different severity and providing representative benchmark
scenarios for evaluating the proposed adaptation method.

For the demonstration of the novel introduced method, the data are separated as
follows for the training and test data sets, as seen in Table 2. The novel approach is
demonstrated for two different gases, acetone and toluene, which are included in all
measurements. The calibration models are assessed with the metrics root mean square
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error (RMSE) and coefficient of determination (R2). RMSE provides a quantitative measure
of prediction error, while R2 characterizes the model’s goodness-of-fit and its ability to
describe the variability of the unseen domain.

Table 2. Data splitting for the four different domain-shift scenarios.

Scenario Model Train UGM Test UGM

Calibration Transfer 1

Initial Base train data: UGM Batch 1 in Initial Calibration
Target test data:

Batch 2 in Initial Calibration
Target-domain Tuning data:

0.1 .. 1 split of Batch 2 in Initial CalibrationIDNNRep

Drift Compensation 1

Initial Base train data: Batch 1 in Initial Calibration
Target test data:

Batch 1 in Recalibration
Target-domain Tuning data:

0.1 .. 1 split of Batch 1 in RecalibrationIDNNRep

Drift Compensation 2

Initial Base train data: Batch 2 in Initial Calibration
Target test data:

Batch 2 in Recalibration
Target-domain Tuning data:

0.1 .. 1 split of Batch 2 in RecalibrationIDNNRep

Calibration Transfer 2

Initial Base train data: Batch 1 in Recalibration
Target test data:

Batch 2 in Recalibration
Target-domain Tuning data:

0.1 .. 1 split of Batch 2 in RecalibrationIDNNRep

3.1. R2 Results

While RMSE provides an absolute measure of prediction error [41], R2 provides insight
into how well the model’s variability explains the variability in the reference data after
transfer [42]. By considering both metrics together, a more comprehensive assessment of
the calibration transfer performance can be achieved. Before analyzing the RMSE, the R2 is
first analyzed to confirm that the model successfully captures the underlying relationship
between the input features and the target variable. Subsequently, the RMSE is evaluated
to quantify the magnitude of the prediction error and the resulting calibration accuracy
(n RMSE: normalized on the maximum concentration). A comparison with the R2 value
of the initial model in the target domain is omitted, as the initial model yielded poor
predictive performance across all shift scenarios. Consequently, both calibration transfer
approaches, IDNNRep retraining and the target-domain model, significantly outperform
the initial model.

Figure 7 shows the R2 performance of the IDNNRep retraining and the target-domain
model across the four domain-shift scenarios for acetone quantification. For acetone
both approaches achieve generally high R2 values between 90% and 98%, across all four
domain-shift scenarios, indicating that both models explain most of the variance and that
the calibration model quantifications correlate strongly with the target. For Calibration
Transfer 1, the R2 value of the target-domain model starts comparably low at 80% for a
0.1 split of the UGMs with a high standard deviation. The IDNNRep starts at 94% in
the Calibration Transfer 1 scenario, showing a significant improvement vs. training from
scratch. For all domain-shift scenarios and both approaches, the R2 value increases nearly
monotonically with the number of transfer samples and converges to the R2 value reached
with all transfer samples from the target domain.

The same comparison can be made for the toluene estimation (see Figure 8). The R2

values for the toluene estimation follow a similar trend to those for the acetone estimation.
Both approaches yield similarly high R2 values (95%) across all scenarios when the data
split is greater than 0.1. The upward trends indicate that both models effectively adapt to
domain shifts, achieving good generalization with a limited fraction of new data. However,
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the target-domain model exhibits slightly lower or the same R2 values, particularly evident
in Calibration Transfer 1 for data splits below 0.4. Despite this, both methods also showed
weak performance for the Drift Compensation 1 domain shift at small data splits (<0.3).
However, especially during training with a higher number of transfer samples, both models
show good performance, with R2 values ranging from 92% to 98%, demonstrating strong
explained variance in the calibration model for gas estimation across all domain shifts. To
summarize, the models for both gases converge quickly toward the target-domain model
trained with all transfer sample baselines, with negligible differences between them. This
suggests both approaches are comparably efficient once a moderate amount of calibration
transfer data is available. Also, the error bars diminish rapidly as retraining data increases,
signifying good reproducibility and model stability for data splits with approx. 0.3–0.4
of the full target-domain dataset. Note, however, that this corresponds to 60 to 80 gas
mixtures, already representing a high effort. Performance close to full-data retraining
can be obtained with less than half of the available target-domain data, highlighting the
efficiency and robustness of both transfer strategies. Transfer learning for the IDNNRep
can reduce the amount of training data required significantly, with 20 or 40 gas mixtures
being required to achieve a performance similar to retraining the full model for both gases
and all domain-shift scenarios.

 
Figure 7. Comparison of different model R2 values of the retrained and the target-domain model
regarding acetone for the four domain shifts.

3.2. RMSE Results

After the R2 values proved that the model is capable of capturing the relationship
between input and target, Table 3 summarizes the RMSE and the normalized RMSE (nor-
malized regarding the maximum of the corresponding concentration range) of the initial
FESR calibration model under conditions of significant domain shift. The model demon-
strates robust performance in the presence of batch-related shifts, yielding prediction
errors of 70.5 ppb for Calibration Transfer 1 and 73.7 ppb for Calibration Transfer 2 for
the acetone estimation. In contrast, temporal domain shifts substantially degrade model
performance, with errors increasing to 266.9 ppb (Drift Compensation 1) and 300.1 ppb
(Drift Compensation 2) for acetone. Note that the observed RMSE after the domain shift of
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Drift Compensation 2 for acetone actually exceeds the studied gas concentration range, in-
dicating very poor performance of the initial calibration model on previously unseen data.

 
Figure 8. Comparison of different model R2 values of the retrained and the target-domain model
regarding toluene for the four domain shifts.

Table 3. Initial FESR model performance for the different test scenarios for acetone and toluene,
including orthogonal signal correction.

Acetone Toluene

RMSE (nRMSE) RMSE (nRMSE)

Base Domain Target Domain Base Domain Target Domain

No OSC OSC No OSC OSC No OSC OSC No OSC OSC

Calibration Transfer 1 16.6 ppb
(5.5%)

21.1 ppb
(7.0%)

70.5 ppb
(23.5%)

108.1 ppb
(36.0%)

13.6 ppb
(4.5%)

15.2 ppb
(5.1%)

122.3 ppb
(40.7%)

112.7 ppb
(37.6%)

Drift Compensation 1 16.6 ppb
(5.5%)

20.9 ppb
(6.9%)

266.9 ppb
(88.9%)

237.4 ppb
(79.1%)

13.6 ppb
(4.5%)

14.7 ppb
(4.9%)

151.9 ppb
(50.6%)

105.3 ppb
(35.1%)

Drift Compensation 2 12.9 ppb
(4.3%)

14.7 ppb
(4.9%)

300.1 ppb
(100%)

119.8 ppb
(39.9%)

8.3 ppb
(2.7%)

8.5 ppb
(2.8%)

114.9 ppb
(48.3%)

106.4 ppb
(35.5%)

Calibration Transfer 2 10.8 ppb
(3.6%)

11.9 ppb
(4.0%)

73.7 ppb
(24.5%)

93.1 ppb
(31.0%)

13.8 ppb
(4.6%)

15.6 ppb
(5.2%)

158.8 ppb
(52.9%)

134.0 ppb
(44.6%)

Table 3 also shows that applying OSC only slightly affects the base-domain perfor-
mance, increasing the RMSE by approximately 1–5 ppb across all scenarios. By contrast, its
influence on the target-domain performance strongly depends on the underlying domain
shift. For the drift compensation scenarios, OSC considerably reduces the RMSE, for ex-
ample from 266.9 ppb to 237.4 ppb for acetone (Drift Compensation 1), from 300.1 ppb to
119.8 ppb for acetone (Drift Compensation 2), and from 151.9 ppb to 105.3 ppb for toluene
(Drift Compensation 1). However, for the calibration transfer scenarios, OSC provides
only limited improvements or even degrades the prediction accuracy, e.g., increasing the
RMSE from 70.5 ppb to 108.1 ppb for acetone (Calibration Transfer 1) and from 73.7 ppb
to 93.1 ppb for acetone (Calibration Transfer 2). These results indicate that OSC is mainly
beneficial at drift compensation, whereas it is less effective for calibration transfer scenarios.
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The novel approach allows the fine-tuning of this initial calibration model to adapt
to the target domain. Figure 9 presents the RMSE results for acetone quantification using
the retrained IDNNRep and the target-domain FESR model, respectively, for different
proportions of target-domain training data. Performance is evaluated under the four pre-
defined domain-shift scenarios. Across all domain-shift scenarios, the retrained IDNNRep
shows a consistent decrease in RMSE as the number of transfer samples from the novel
domain increases. This is observed for both types of domain shifts, the batch-related shifts
(Calibration Transfer 1, Calibration Transfer 2) and temporal shifts (Drift Compensation 1,
Drift Compensation 2). In the Calibration Transfer shift scenarios, RMSE decreases from
21.2 ppb to 14.6 ppb for Calibration Transfer 1 and from 18.9 ppb to 8.9 ppb for Calibration
Transfer 2. Notably, Calibration Transfer 2 consistently yields the lowest errors across all
splits, indicating that this batch shift is either less severe or better aligned with the learned
representation after transfer. In the drift scenarios, a similar improvement is observed.
In Drift Compensation 1, the RMSE decreases from 27.0 ppb to 14.8 ppb, and in Drift
Compensation 2, it decreases from 20.7 ppb to 11.7 ppb. Drift Compensation 1 consistently
shows a higher RMSE than Drift Compensation 2, suggesting that Drift Compensation
1 involves a more challenging temporal-domain shift. Importantly, the model achieves
significant performance gains even with a small number of transfer samples (split 0.1–0.3)
across all scenarios, compared to the initial model.

 

Figure 9. Comparison of the different RMSEs of the retrained and the target-domain model regarding
acetone for the four domain shifts.

The reduced FESR model also shows improved performance as the transfer sample
increases from the novel domain. Under batch shift conditions, the target-domain model
exhibits a higher RMSE in Calibration Transfer 1 with a small number of UGMs (42.3 ppb
at split 0.1). Although the RMSE decreases to 17.8 ppb, it remains consistently higher than
that of IDNNRep. In Calibration Transfer 2, the RMSE is lower, starting at 23.2 ppb and
decreasing to 13.8 ppb. For the time-related domain shift, the model estimation RMSE is
reduced from 26.7 ppb to 15.6 ppb for Drift Compensation 1 and from 23.3 ppb to 13.8 ppb
for Drift Compensation 2. The difference between the IDNNRep and the target-domain
model is significantly smaller for time-related domain shifts in predicting acetone. Figure 9
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also shows that the improvement in acetone estimation with the full number of transfer
samples is greater for batch-related domain shifts. In addition, the IDNNRep outperforms
the target-domain model in every domain shift, even if the target-domain model is trained
on all available transfer samples.

The same comparison for toluene is shown in Table 3 and Figure 10. The ini-
tial model (no transfer) exhibits substantially higher RMSE values across all scenarios
(122.3–158.8 ppb), highlighting the necessity of transfer learning. The same trend as ob-
served for the acetone estimation is also shown in Figure 10 for the toluene concentration
quantifications. Under batch shift conditions, both models improve substantially with
increasing split, with Calibration Transfer 1 representing the more challenging scenario.
IDNNRep reduces RMSE from 20.0 ppb to 9.6 ppb in Calibration Transfer 1 and from
18.1 ppb to 9.6 ppb in Calibration Transfer 2, while the target-domain model decreases from
28.5 ppb to 13.3 ppb in Calibration Transfer 1 and from 21.4 ppb to 13.2 ppb in Calibration
Transfer 2. For the temporal shifts, the IDNNRep improves from 31.9 ppb to 15.0 ppb,
whereas the target-domain model reaches 18.9 ppb in Drift Compensation 1. In the Drift
Compensation 2 domain shift, the IDNNRep improves from 21.1 ppb to 11.2 ppb, and
the target-domain model from 21.4 ppb to 13.2 ppb. While both models clearly improve
the performance, the IDNNRep maintains a clear performance advantage especially for a
higher number of transfer samples. For a small amount of transfer sample, the IDNNRep
matches (time-related) or even outperforms (batch-related) the RMSE of the target-domain
model. By increasing the number of UGMs the IDNNRep outperforms the target-domain
model across all domain shifts for the toluene estimation.

 

Figure 10. Comparison of the different RMSEs of the retrained and the target-domain model regarding
toluene for the four domain shifts.

The proposed approach reduces the RMSE using only a small amount of retraining
data (split: 0.1), achieving a reduction of up to 93% for Drift Compensation 2 on acetone,
decreasing the RMSE from 300.1 ppb for the initial model to 21.1 ppb. Furthermore, the
proposed IDNNRep approach consistently outperforms OSC on the presented dataset,
although OSC also improves the transferability of the initial calibration model. Compared
with OSC, IDNNRep achieves an additional RMSE reduction of up to 89.0% for Drift
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Compensation 1 while requiring only 10% of the target-domain data for retraining. For
both gases, the standard deviation of a small number of UGMs for the target-domain model
is typically higher than that of the IDNNRep, except for acetone in Calibration Transfer
2. Increasing the transfer sample reduces the influence of random UGM splitting, and the
standard deviation between models decreases accordingly.

3.3. Interpretable Calibration Transfer

To gain insight into how sensor characteristics or environmental factors influence
model adaptation, an interpretation of the calibration transfer can describe how calibration
models adapt to new domains. This transparency enhances diagnostic understanding
and model robustness, which are essential for deploying sensor systems in real-world
applications. Figures 11 and 12 demonstrate the changes in the weighting of the mean
and slope features extracted from the four sub-sensors of the gas sensor for the four
domain-shifts for the quantification of acetone and toluene, respectively. The color intensity
indicates the magnitude of the change in the extracted features, ranging from zero to
one. By combining feature analysis with the TC, it becomes possible to identify which
phase in the TC each feature is associated with. Figure 11 highlights that the majority of
calibration transfer adjustments for acetone quantification across all domain-shifts occur
within the mean features and this primarily for sub-sensors 2 and 3. While adjustments are
seen across the full range for most domain-shift scenarios, Calibration Transfer 1 shows
strong adjustments at the beginning and end of the TC for sub-sensor 2 and also in the
beginning of the TC for sub-sensor 4. Sub-sensor 1 remains largely stable throughout the
transfer process, except for Calibration Transfer 2, which probably means that it contributes
only little information for acetone quantification. Sub-sensor 4 shows some adaptation
of the mean features, mainly for Calibration Transfer 1. Sub-sensor 3 is the only sub-
sensor which exhibits significant adaptation for the slope features, basically across all
domain-shift scenarios.

 

Figure 11. Interpretable changes after the calibration transfer for acetone quantification.
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Figure 12. Interpretable changes after the calibration transfer for toluene quantification.

For the toluene, the most significant adaptations are observed in the mean values
of sub-sensor 2 and 3, as illustrated in Figure 12, which was also observed for acetone.
This indicates that the multi-sensor character is an important aspect for the performance
of the overall sensor system. Sub-sensor 1 overall shows the least changes, indicating
that it contributes only little to toluene quantification. Slope adaptions occur primarily at
transitions between two temperature phases, which is consistent with the Sauerwald–Baur
model for temperature-cycled operation [43].

4. Discussion
This paper describes a novel approach enabling calibration transfer for interpretable

FESR models for a multi-layer MOS gas sensor operated in TCO mode in complex gas
mixtures with up to eight independent variables demonstrated for quantification of acetone
and toluene, respectively. The novel approach was tested on laboratory data sets that
include several domain-shift scenarios covering both sensor batch changes as well as
sensor drift over time. The novel approach was tested across four significant domain-shift
scenarios and compared against classical methods (OSC). The results demonstrate that
the novel approach enables model-based calibration transfer with significant reduction
in the calibration effort compared to recalibration from scratch and outperforms the OSC
technique for the selected domain shifts. For a small number of transfer samples, the
model-based calibration transfer outperforms training a new FESR model from scratch.
Remarkably, the transfer learning approach consistently achieves a lower RMSE than a
model trained solely for and with data from the novel domain. Additionally, in some
scenarios the IDNNRep even outperforms the target-domain model trained on the full data.
This demonstrated that the IDNNRep increases the dimensionality by including all features
for the retraining process. For both gases the drift-related domain shifts appear to be more
challenging for the calibration transfer than the batch-related ones. This is evidenced by
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the higher loss of performance when only a limited number of transfer samples (UGMs)
are available for drift compensation. In addition to achieving a low RMSE, the proposed
approach effectively adapts the initial model to the new domain, as evidenced by the
significant improvement in R2. This demonstrates the method’s capability to maintain both
predictive accuracy and model consistency across varying domain conditions. The high R2

value for the target-domain model and the IDNNRep proves the efficient and robust model
building of the FESR methods trained with a reduced number of UGMs. Additionally, the
variance caused by the random selection of the transfer sample is reduced by using transfer
learning to adapt an initial model to a novel domain.

On the one hand, these results demonstrate the robustness of the proposed inter-
pretable calibration transfer approach by effectively reusing knowledge learned in the base
domain. On the other hand, they highlight the importance of selecting suitable UGMs
for calibration transfer, which remains an open research challenge and warrants further
investigation. Since both the initial model training and the IDNNRep retraining are nearly
deterministic, the variability introduced by the learning algorithm itself is negligible, as
indicated by the near-zero error bars for larger transfer splits. Consequently, the error bars
reported in the RMSE figures primarily reflect the influence of the transfer UGM selection
rather than the training process itself, emphasizing the critical role of representative transfer
samples in MOS gas sensor calibration.

While this study demonstrated the successful implementation of model-based cali-
bration transfer, it did not include a detailed hyperparameter search for transfer learning.
This search could further improve the performance of the IDNNRep retraining. Besides
the performance gains of the novel approach, it also demonstrates the interpretable nature
of FESR model calibration transfer, without further usage of XAI. This enables a better
understanding of the changes leading to domain shift and necessitating retraining for
different sensing layers and gases. In particular, the identification of features which are
highly affected by domain shift is possible. By understanding the adaptation of features
caused by domain shift, the interpretation allows us to identify robust features for future
model building and offers the potential to understand the decrease in the calibration model
performance. Additionally, in-depth interpretation of the calibration model allows identifi-
cation of relevant phases of the TC, offering the potential to optimize the TC for different
target gases and applications. Since the data investigated were collected in a controlled lab
environment, the representativeness of the dataset for large-scale industrial deployment
remains to be validated using real-world data.

5. Conclusions and Outlook
In conclusion, the IDNNRep can be used to enable transfer learning for interpretable

calibration models, adapting them to unseen domains with a low amount of transfer
samples. The novel approach was able to quantify the acetone concentration with an RMSE
of 18.0–28.0 ppb (R2: 94–98%) and the toluene concentration with an RMSE of 18.0–32.0 ppb
(R2: 86–95%) across the four different domain-shift scenarios, by only using 20 transfer
samples (split: 0.1). The results demonstrate the efficient usage of model-based calibration
transfer for interpretable FESR calibration models and the performance gain compared to
OSC. In addition to the efficient implementation offered by the IDNNRep, this contribution
extends the IDNNRep potential to adaptation of FESR models to new domains, an essential
characteristic for field operation. This capability is particularly important for field operation,
where changing environmental conditions and sensor replacement may require adaptation
of the calibration model. Future work should also investigate in-field applications in which
transfer learning is directly applied under real-world operating conditions.
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By reusing the initial calibration model, the proposed approach reduces the number
of transfer samples required for recalibration. Furthermore, a potential limitation of the
proposed method is its applicability to domain shifts that exceed those represented in
the available datasets, such as previously unseen gas compositions or extreme changes in
operating conditions. Investigating the robustness of the proposed approach under such
scenarios represents an important direction for future work.

Since the model developed in this study was optimized primarily for performance in
the base domain, future work should also focus on improving its robustness to domain
shifts. In particular, the standardization procedure, whose parameters were estimated
exclusively from the base domain, may limit the model’s ability to adapt during retraining.
Future research should therefore investigate (a) allowing the standardization layer to
be fine-tuned within the IDNNRep framework and (b) recalculating the standardization
parameters using representative samples from the target domain. Both approaches have
the potential to further improve model performance under target-domain conditions.

The knowledge gained through the interpretation of the weight changes can be used
in future work to gain sensor- and gas-specific insights into the calibration process, thereby
optimizing the complex process for sensor system development, including sensor selection,
optimized operating modes, and the selection of calibration points. Furthermore, future
work should investigate the relationship between the learned weight changes and the
underlying physicochemical processes within the sensor, such as sensing-layer degradation
or changes in reaction kinetics. Establishing this relationship could further improve the in-
terpretability of the proposed approach and provide valuable insights into the mechanisms
driving calibration transfer and sensor drift. Further research could also investigate ad-
vanced FESR models that extract features beyond simple mean-slope calculations, including
varying time segmentation for feature calculation [44]. Such approaches may enable a more
comprehensive characterization of the underlying signals. In addition, future work could
build upon the insights from the training process in this study to systematically identify
features that are both robust and reliable, thereby improving the overall performance and
generalizability of the calibration models, while still allowing for further improvement
through model-based calibration transfer for the interpretable FESR models. Since this
novel approach is not limited to the transfer of MOS gas sensor calibration models, future
research could also address use-cases from different applications, e.g., industrial condi-
tion monitoring using multi-modal sensor systems [45] or other fields where changing
conditions decrease model performance.
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Abbreviations
The following abbreviations are used in this manuscript:

DNN Deep Neural Network
DS Direct Standardization
FE Feature Extraction
FESR Feature Extraction, Feature Selection und Regression
GDB Global Disease Burden
GMA Gas Mixtures Analysis
IAQ Indoor Air Quality
IDNNRep Interpretable Deep Neural Network Representation
ML Machine Learning
MOS Metal Oxide Semiconductor
OSC Orthogonal Signal Correction
PCA Principle Component Analysis
PLSR Partial Least Squares Regression
RFE-LSR Recursive Feature Elimination—Least Squares Regression
RMSE Root Mean Square Error
TC Temperature-Cycled
TCO Temperature-Cycled Operation
TL Transfer Learning
UGM Unique Gas Mixtures
VOC Volatile Organic Compounds
XAI Explainable Artificial Intelligence
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Figure A1. Comparison of the different RMSEs of the retrained and the target-domain model for the
four domain shifts. (a) Ethanol; (b) formaldehyde; (c) hydrogen.
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Figure A2. Interpretable changes after the calibration transfer for quantification. (a) Ethanol;
(b) formaldehyde; (c) hydrogen.
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