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Summary: Metal-oxide electronic noses suffer from sensor drift, in which sensor response character-
istics change over time. This creates a data distribution shift (domain gap) that severely degrades gas
classification accuracy. To address this drift effect, domain adaptation techniques reduce the distribu-
tion discrepancy between the initial source domain and drift-affected target measurements. We study
batch-wise adaptation across temporally ordered drift batches, where calibration labels are extremely
scarce. To ensure robust adaptation under unpredictable drift patterns, we train a diverse pool of condi-
tional domain-adversarial experts. We then fuse their predictions using a confidence-aware Expectation-
Maximization procedure. This fusion mechanism acts as a smart consensus, estimating each expert’s
reliability using the limited calibration labels without requiring additional annotations. On the UCI drift
benchmark, this budget-respecting approach consistently improves target accuracy over a tuned Drift
Correction Autoencoder (DCAE) baseline, particularly on later, more severely drifted batches.
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Introduction

Metal-oxide (MOX) electronic noses (e-noses)
enable low-cost gas identification, but their long-
term reliability is limited by sensor drift and in-
strumental variation. Such effects induce dis-
tribution shifts between an initial training condi-
tion and later operating conditions, leading to
substantial accuracy degradation in gas clas-
sification models. Existing drift-compensation
strategies rely on different assumptions about
the availability of the target domain. Correction-
centric transfer learning can exploit paired trans-
fer measurements to learn drift-corrected yet dis-
criminative representations (e.g., drift correction
autoencoder (DCAE)) [1]. At the other extreme,
target-domain-free methods (e.g., TDACNN)
avoid using any target-domain samples during
training and prediction, which improves deploy-
ability but prevents adaptation to batch-specific
drift patterns as conditions evolve.

In practice, continuously deployed e-noses
yield abundant unlabeled measurements, but
physical recalibration is costly, restricting us to a
strict budget of calibration pairs. Conditional Ad-
versarial Domain Adaptation (CDAN) leverages
unlabeled data to align source and target dis-
tributions, conditioned on class predictions [2].
However, when drift is severe and heteroge-
neous, aggressively enforcing domain alignment
may degrade target-domain classification perfor-
mance and lead to negative transfer [3].

To achieve robust gas classification under a
strict calibration budget, we propose a two-

stage framework. First, we train a diverse
pool of CDAN experts. By intentionally varying
their adaptation components, we induce a va-
riety of drift-compensation behaviors. Second,
we fuse their predictions using a confidence-
aware Dawid–Skene EM procedure. This semi-
supervised procedure estimates confidence-
specific expert confusion matrices from the lim-
ited calibration labels and uses them to infer a
reliability-aware fused class posterior.

Method

We treat the gas sensor drift as a statistical
domain shift between the initial calibration data
(source domain, S) and the incoming batch
(target domain, Ub). Therefore, by applying
domain adaptation to align these two distribu-
tions, we can effectively reduce the drift effect.
We propose an approach that combines condi-
tional domain-adversarial learning with ensem-
ble learning. To handle heterogeneous drift, we
leverage a multi-expert pool to capture diverse
adaptation trajectories, then employ a probabilis-
tic consensus mechanism to resolve expert dis-
agreements using the limited calibration data.
Our approach consists of two stages:

A. Mechanistically Diverse Domain-

Adversarial Experts

Because drift patterns are unpredictable, a sin-
gle adaptation strategy may over-correct or
under-correct the distribution shift. To mitigate
this, we train a pool of experts m ∈ {1, . . . ,M}
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using the following loss function:

L(m)
= Lcls + λ

(m)
adv LCDAN + λ

(m)
pair Lpair + λ

(m)
pst Lpst

(1)
Here, Lcls ensures basic classification on source
data; LCDAN encourages conditional alignment
between source and target representations [2];
Lpair aligns the few paired source–target trans-
fer samples; and Lpst performs self-training with
predicted high-confidence pseudo-labels. To
cover a wide spectrum of drift-compensation be-
haviours, we systematically vary the hyperpa-
rameters (λ) and conditioning strategies across
the experts.

B. Confidence-aware Fusion

Since different experts may excel under differ-
ent drift conditions, we use a semi-supervised
Dawid–Skene Expectation-Maximization (EM)
procedure to dynamically find the best con-
sensus. For every unlabeled testing measure-
ment, the experts provide class-probability distri-
butions. ConfDS estimates confidence-specific
confusion matrices and iteratively infers a fused
posterior over gas classes using Dawid–Skene
expectation–maximization. To allow an expert’s
reliability to differ between confident and uncer-
tain predictions, we separate each expert’s pre-
dictions into high-confidence and low-confidence
bins (using a threshold τ ), evaluating their relia-
bility separately. By anchoring this estimation on
the tiny budget of true calibration labels, the EM
algorithm updates the reliability weights and out-
puts a robust, fused final classification.

Results and Conclusion

We use the open-source UCI Gas Sensor Ar-
ray Drift Dataset [4] for evaluation. We use
the first batch as the source domain and per-
form batch-wise adaptation and evaluation on
the temporally ordered target batches b02–b10.
Only 0.62% target measurements are labelled
for the confidence-aware fusion (the per-batch
fraction varies with batch size). We report tar-
get classification accuracy and its average over
target batches. The result is obtained by repeat-
ing the full pipeline over 6 runs (3 training seeds
× 2 pair-shuffle seeds).

Fig. 1 summarizes the per-batch classifica-
tion accuracy. Overall, the proposed CDAN
diverse-expert pool with ConfDS fusion achieves
a higher mean target accuracy than the DCAE
baseline trained under the same budget, with
the advantage becoming most pronounced on
later/harder batches, namely b06–b09. Both
our work and the DCAE outperform the target-
domain-free baseline implemented by TDACNN
[5], which illustrates the typical accuracy degra-
dation under sensor drift when no target-domain
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Figure 1: Per-batch classification accuracy on the

UCI drift dataset. Our ConfDS fusion (0.899± 0.009

overall) consistently outperforms the DCAE baseline

(0.885± 0.008) under the same strict calibration

budget and the target-domain-free baseline, with the

largest gains observed on b06–b09.

adaptation is performed.
In conclusion, our results show that combining

diverse conditional domain-adaptation experts
with confidence-aware fusion can improve
gas classification robustness under temporally
varying sensor drift and limited target super-
vision. For reproducibility, the implementation
of the proposed framework is publicly avail-
able at https://github.com/TUM-PercInS/

confds-enose-domain-adaptation.git. As
a next step, we will validate the approach on
long-term robotic olfaction deployments with
operationally realistic calibration procedures.
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