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Abstract

Data-driven indoor air quality (IAQ) monitoring sys-
tems have demonstrated strong performance; how-
ever, detecting out-of-range data is essential for re-
liable monitoring. This study proposes an out-of-dis-
tribution (OOD) detection method to identify out-of-
range conditions and temporal drift in real-time ap-
plications. Our approach utilizes an ensemble of
convolutional neural networks (CNNs) optimized via
Bayesian hyperparameter tuning. The method
achieved robust results, with an area under the re-
ceiver operating characteristic curve (AUC) of 93%
for out-of-range gas detection and AUCs of 95%
and 99% for identifying temporal drift at six and ten
weeks post-calibration, respectively. Integrating this
method into real-time IAQ monitoring systems en-
hances model reliability under real-world conditions.

Introduction

Indoor air quality (IAQ) measurement and the de-
tection of volatile organic compounds (VOCs) are
essential for healthy indoor air and accurate de-
mand-controlled ventilation [1]. This can be
achieved with low-cost sensor systems based on
metal oxide semiconductor (MOS) gas sensors
which make use of advanced operating modes,
such as temperature-cycled operation, and machine
learning (ML) to evaluate the complex sensor re-
sponse [2].

Domain shift is a key challenge in real-world ML ap-
plications [3], particularly in IAQ monitoring with en-
vironmental variations. It occurs when the underly-
ing data distribution changes due to factors such as
sensor drift, exposure to gas concentrations beyond
the calibration range, exposure to gases not in-
cluded during calibration, or sensor poisoning [4].
This issue is intensified by limited observations or
the influence of covariates on data distributions [5].
Despite sophisticated calibration processes for gas
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sensors, the number of gases and the range of gas
concentrations used during calibration is often re-
stricted [6]. As a result, models may encounter out-
of-distribution (OOD) inputs, data outside the cali-
bration range, that can lead to inaccurate predic-
tions.

Dealing with domain shift is a challenging task. Sev-
eral approaches can address this issue, such as
transfer learning and domain adaptation [7]. How-
ever, these methods require data from the new
working conditions, such as a different sensor,
range, or gases, and are typically limited to those
specific target conditions [8]. As a result, an addi-
tional model is often needed to monitor the super-
vised ML model's performance after deployment.
There are several techniques available for validat-
ing the predictions of ML models, including uncer-
tainty estimation [9], extrapolation detection [10],
anomaly detection [11], and OOD detection [12].
OOD detection is an important technique for validat-
ing ML models in real-world deployment scenarios.
A key advantage of OOD detection methods is their
model-agnostic nature, often requiring no modifica-
tions to the underlying predictive model [12]. Nu-
merous approaches have been proposed, particu-
larly for neural networks (NNs), representing a
state-of-the-art model class in a wide range of ML
tasks [13].

Early OOD detection methods primarily leveraged
the softmax confidence score in classification set-
tings, where in-distribution (ID) samples typically
yield higher predicted class probabilities compared
to OOD samples [14]. Later, subsequent work intro-
duced more sophisticated techniques [15]. Laksh-
minarayanan et al. proposed a robust and general-
izable approach based on deep ensembles, which
extends beyond classification tasks [16]. This
method exploits the variance in predictions from an
ensemble of models: ID samples tend to produce
consistent predictions across models, while OOD
samples demonstrate greater predictive variance.
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Materials and Methods

Dataset

The IAQ dataset [2] used in this study simulates a
complex mixture of typical indoor air conditions. It
includes various VOCs, along with hydrogen, car-
bon monoxide, and relative humidity as background
interference gases. The recorded signals were ob-
tained from a low-cost system utilizing SGP30 sen-
sors (Sensirion AG, Stafa, Switzerland), which are
equipped with four gas-sensitive layers [2]. The out-
put signals represent the resistance of these four
layers over time. Each observation of gas concen-
trations consists of 4 x 2400 data samples, collected
at a sampling rate of 20 Hz. We treated each of the
four layers as an independent sensor, thus framing
this as a multi-sensor dataset. Besides normal gas
concentration ranges, the dataset includes ex-
tended concentrations of acetone, ethanol, toluene,
and hydrogen beyond typical levels.

In this study, we simulated OOD scenarios by ap-
plying out-of-range gas concentrations and drifted
signals to the ML model. Out-of-range concentra-
tions refer to extended VOC levels beyond typical
ranges. We defined ID conditions as instances
where all VOCs in the dataset fall within the normal
concentration of their respective ranges. Observa-
tions outside this threshold were classified as OOD
samples.

The dataset was recorded in three calibration
phases: the initial calibration phase lasted one
week, followed by the first recalibration after four
weeks of field testing, and the second recalibration
three weeks later (Figure 1). In this study, the first
and second recalibration phases are treated as po-
tential drifted data.

Figure 1. The complete experiment over ten weeks, in-
cluding calibration phases and field tests.
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In this study, acetone was selected as the target gas
for the regression task. An observation is classified
as ID if:
x; € E Vi

where x; represents the concentration of VOC(i),
and E; represents the extended concentration range
of VOC(i). Figure 2 illustrates the concentration
ranges for acetone, ethanol, and formaldehyde. The
vertical lines indicate the boundaries of the normal
concentration ranges.

Convolutional Neural Networks

Convolutional Neural Networks (CNNs) are power-
ful ML models that have produced outstanding re-
sults across various applications. In particular, 1D-
CNNs are theoretically well-suited for signal pro-
cessing tasks due to their inherent ability to filter
temporal data [17]. In this study, we use a configu-
rable CNN architecture, where the number of con-
volutional layers, kernel sizes, and number of filters
are adjustable [18]. These architecture hyperparam-
eters (HP) are optimized through a Bayesian hy-
perparameter (HP) tuning process. Figure 3 illus-
trates the CNN architecture, where each convolu-
tional (conv) block includes a convolutional layer,
batch normalization, and ReLU activation.

Ensemble-based Out-of-distribution Detection

The uncertainty in an ensemble of models is a
strong indicator for detecting OOD samples [16]. In-
tuitively, the prediction variance between different
models is lower when the input data is from the
same distribution as the training data. The initial
method proposing the use of ensemble neural net-
works (deep ensembles) relies on variations due to
random initialization in each model. Since the initial
weights of neural networks are randomly assigned,
the weights of the trained networks differ, resulting
in each model in the ensemble learning slightly dif-
ferent representations of the data. As a result, the
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Figure 2. Distributions of acetone, ethanol, and formaldehyde in the dataset. Vertical lines indicate the upper limits of the
normal concentration ranges, with higher concentrations considered as out-of-range conditions.
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ensemble can capture diverse predictions for OOD
samples, which often results in higher prediction
variance compared to ID samples. It has been
shown that increasing model diversity through data
selection and varying architecture hyperparameters
can enhance the estimation of prediction uncer-
tainty [19], [20]. In this study, we treat each obser-
vation as four separate sensor signals. We conduct
50 trials of Bayesian HP tuning for each sensor in-
dividually and, finally, construct the ensemble by ag-
gregating the predictions from the 10 best-perform-
ing models. The optimal number of models for the
ensemble is determined based on the ID validation
accuracy.
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Figure 3. Parametric CNN architecture. The convolutional
(conv) block consists of a convolutional layer, batch nor-
malization layer, and ReLU activation function [18].

During training, the ID data is divided into three sub-
sets: 70% of the observations are used as training
data, 10% as validation, and 20% as test data. The
performance of the models in HP tuning and training
are evaluated based on the ID validation accuracy.
Prediction uncertainty can be estimated using vari-
ous methods, such as calculating the variance of
predictions across multiple models. In this study, we
apply a distance-based method to detect anomalies
in the predictions. Specifically, we use the predic-
tions as feature inputs for a k-nearest neighbors
(kNN) approach to identify OOD samples [21]. The
results from all models are fused at the decision
level, with a maximum of 4 x 10 features for each
observation.

Metrics

The area under the receiver operating characteristic
curve (AUC) is a commonly used metric to assess
the accuracy of OOD detection methods [22]. As a
threshold-independent metric, an AUC of 100% in-
dicates a perfect classifier. To further evaluate the
OOD detection model, we also report the false pos-
itive rate (FPR) at a true positive rate (TPR) of 95%,
a metric referred to as FPR95.
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Results and Discussion

Figure 4 illustrates the prediction results of the en-
semble model, which combines 40 distinct networks
and achieves a root mean square error (RMSE) of
less than 12 ppb on the test data. The ensemble
model achieves accuracy comparable to state-of-
the-art methods [23], despite a limited number of
observations, as many samples in the designed
scenario are classified as OOD data.

By applying kNN (k = 5) to the 40 predictions, we
can classify ID and OOD data effectively. The 5NN
score distinguishes test ID data from OOD data with
AUC of 93%, indicating strong predictive capability.
For this OOD scenario, FPR95 is 20%.

The method effectively detects temporal drift,
achieving an AUC of 95% when distinguishing test
data from data collected after six weeks, and 99%
for data collected after ten weeks. The FPR95 for
these cases is 18% and 3%, respectively. Table 1
provides a summary of results for the designed
OOD detection scenarios.

Table. 1: OOD detection results

Scenario AUC (%) FPR95 (%)
Out-of-range inputs 93 20
Drift after 6 weeks 95 18
Drift after 10 weeks 99 3
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Figure 4. Ensemble model predictions for the ID test
data.

Conclusion

In this work, we presented an effective approach for
detecting OOD data in IAQ monitoring applications.
Our method accurately identifies out-of-range con-
ditions and temporal drift in sensor data through an
ensemble model constructed with Bayesian hy-
perparameter tuning. The ensemble model demon-
strated reliable prediction of ID data, achieving high
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AUC values in OOD detection with a 93% AUC for
out-of-range data and AUCs of 95% and 99% for
data collected after six and ten weeks, respectively.
Integrating this model into real-time IAQ monitoring
systems promises enhanced reliability under dy-
namic, real-world conditions.

Future work could extend this framework to include
additional target gases and assess model perfor-
mance across different gas types. Additionally, stud-
ies on optimizing the ensemble size and selection
method could further refine the model’s effective-
ness.
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