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Abstract

Urban air pollution is a major health crisis causing millions of
premature deaths annually, underscoring the urgent need for
accurate and scalable monitoring of air quality (AQ). While
low-cost sensors (LCS) offer a scalable alternative to ex-
pensive reference-grade stations, their readings are affected
by drift, calibration errors, and environmental interference.
To address these challenges, we introduce Veli (Reference-
free Variational Estimation via Latent Inference), an unsu-
pervised Bayesian model that leverages variational inference
to correct LCS readings without requiring co-location with
reference stations, eliminating a major deployment barrier.
Specifically, Veli constructs a disentangled representation of
the LCS readings, effectively separating the true pollutant
reading from the sensor noise. To build our model and ad-
dress the lack of standardized benchmarks in AQ monitor-
ing, we also introduce the Air Quality Sensor Data Reposi-
tory (AQ-SDR). AQ-SDR is the largest AQ sensor benchmark
to date, with readings from 23,737 LCS and reference sta-
tions across multiple regions. Veli demonstrates strong gen-
eralization across both in-distribution and out-of-distribution
settings, effectively handling sensor drift and erratic sensor
behavior. Appendices are available in the extended version.

Code — https://github.com/YahiDar/Veli
Datasets — https://github.com/YahiDar/AQ-SDR
Extended version — https://arxiv.org/abs/2508.02724

1 Introduction
The World Health Organization (WHO) estimated that over
90% of the world’s population breathes air that contains pol-
lutants above WHO guideline levels (World Health Orga-
nization 2018). These pollutants are known to cause respi-
ratory and cardiovascular diseases, and are present in high
concentrations in urban areas (Zhang et al. 2024). To meet
WHO air quality standards, real-time air quality (AQ) mon-
itoring is crucial.

Municipalities and environmental agencies rely on well-
maintained, expensive monitoring stations to report pollu-
tion at the district level. The high cost of buying, installing,
and maintaining these stations makes it infeasible to achieve
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Figure 1: A snapshot from the AQ-SDR dashboard of sen-
sors in the city of Utrecht in the Netherlands. The query area
shows the results of applying our method, Veli, on hourly
noisy readings from deployed LCS over four days.

the spatial coverage needed to capture microclimates af-
fecting citizens. Consequently, numerous initiatives have
emerged to scale up the spatial coverage of AQ sensing
by using low-cost sensors (LCS). In contrast to expensive
monitoring stations, LCS are affordable and accessible to
the average citizen, making them suitable for crowdsourc-
ing projects. However, LCS produce raw data that are inac-
curate, noisy, and often unreliable, making it difficult to use
their readings to make informed decisions.

To use LCS to increase the spatial coverage of AQ moni-
toring, reliable methods for correcting their erratic readings
are necessary. Many pre-deployment calibration methods
exist for LCS (Delaine, Lebental, and Rivano 2019; Hagan
et al. 2018; Maag et al. 2016). However, dense deployment
of LCS would require recurrent manual recalibration to pre-
vent issues like sensor drift. To eliminate the need for man-
ual recalibration, numerous works have explored numerical
approaches for post-deployment data correction1. LCS data
correction methods often rely on high-cost reference stations
as the ground truth to train supervised machine learning
models. A fundamental limitation of these models is their
reliance on the co-location of LCS with high-cost stations
to collect synchronized data pairs for training, which under-
mines the core objective of using LCS as an affordable op-
tion to increase spatial coverage (Maag, Zhou, and Thiele
2018). Moreover, these data correction models are typically

1To avoid confusion, we use the term ‘correction’ for all nu-
merical/algorithmic approaches to data processing, and distinguish
it from instrument calibration of the devices.
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trained over a short period of time (often a few months),
making them unreliable for long-term applications due to
sensor drift and seasonal variations. Another significant but
largely overlooked limitation is that these models often fail
to account for real-world operational issues. For instance,
deployed LCS exhibit significant bias and drift, and can ex-
perience periods of data or connectivity loss, causing their
uncorrected readings to mislead end-users and public health
analysts (Concas et al. 2021a). Lastly, previous studies do
not use a standard benchmark or dataset for model evalua-
tion. The lack of a common benchmark hinders reliable eval-
uation, as reported metrics often lack the context to compare
different methods effectively.

To address these challenges, we introduce Veli (reference-
free Variational Estimation via Latent Inference), an un-
supervised post-deployment LCS correction model. To de-
velop and test our model, we built a standardized benchmark
for AQ research, the Air Quality Sensor Data Repository
(AQ-SDR). Our work makes three primary contributions:

• We propose a novel reference-free method for unsu-
pervised data correction, eliminating the need for co-
location with high-cost reference stations.

• We release the largest public benchmark for AQ monitor-
ing, containing 23,737 sensors across diverse regions and
pollution levels. This benchmark contains common sen-
sor errors and operational failures, providing a resource
suitable for modeling practical LCS deployment.

• We validate the model’s real-world effectiveness and
demonstrate its robustness and generalizability in both
in-distribution and out-of-distribution settings.

2 Related Work
We categorize prior work into two groups: methods that rely
on expensive, well-maintained reference stations for train-
ing (reference-based methods) and methods that do not use
reference stations for training, and only use them for model
evaluation (reference-free methods). In this work, we use
the terms reference-free and unsupervised interchangeably.
In the absence of established reference-free methods, we
contextualize our contribution through a review of current
reference-based approaches.

2.1 Reference-based Methods
Reference-based Correction Methods Reference-based
correction methods use reference stations to correct inaccu-
rate LCS readings. Given two sets, XLCS and Yref , synchro-
nized in time, a model M is trained to minimize the devi-
ation between Yref and the mapping M(XLCS) (e.g., using
mean squared error). We assume by default that all reference
ground truth data originate from accurate, well-maintained
instruments. Reference-based correction methods are split
into pre-deployment or post-deployment methods, depend-
ing on when the correction occurs.

A major limitation of pre-deployment reference-based
correction methods is the need to co-locate target LCS units
next to a reference station for an extended period to col-
lect calibration data, making the deployment of large LCS

networks impractical. Moreover, shorter co-location inter-
vals yield models that poorly capture temporal variations
such as seasonal changes. Lastly, this initial calibration does
not account for long-term sensor drift, necessitating periodic
recalibration. The logistical challenges of recalibrating de-
ployed sensors mean that long-term drift often goes uncor-
rected in many devices. Most early studies adopted simple
linear models in the pre-deployment context (e.g., ordinary
least squares regression). We refer readers to (Concas et al.
2021a; Maag, Zhou, and Thiele 2018) for a comprehensive
review of these methods.

The complexity of LCS errors has recently led to in-
creased interest in non-linear post-deployment correction
methods. These methods address the limitations of the tra-
ditional design paradigm, which relies on synchronized and
co-located LCS-reference pairs, similar to (Ahn et al. 2025).
For instance, (Cheng et al. 2019) addressed post-deployment
correction using unsynchronized calibration transfer, a tech-
nique for in-field calibration via co-location with a refer-
ence station. This co-located LCS then serves as an anchor
point, providing ground truth for other sensors with no co-
located references in the network. While this method re-
ports promising results, it was tested on only seven LCS
during a ten-month period. Moreover, the LCS units were
deployed in controlled settings, avoiding real-world issues
such as missing data and extreme fluctuations. (Wang et al.
2023) proposed CaliFormer, a hybrid reference-based ap-
proach combining unsupervised reconstruction with super-
vised fine-tuning. The model is initially trained to recon-
struct the LCS data in an unsupervised manner, and then
fine-tuned to correct the results using ground-truth data from
the reference stations.

In addition to direct correction of readings, some works
have used historical data from reference stations as prior
knowledge for LCS correction. Both ‘RHC’ (Li et al. 2020)
and the Maximal Correlation Model (Li et al. 2021) leverage
historical reference data to align LCS and reference read-
ings’ distributions. A significant limitation is that both ap-
proaches were evaluated on short time frames, restricting
their applicability for long-term deployments.

Reference-based Interpolation Methods A different line
of work bypasses LCS correction altogether, creating high-
resolution AQ maps by interpolating data directly from a
network of reference stations. Both MapTransfer (Cheng
et al. 2020) and AirRadar (Wang et al. 2025) interpolate
readings from high-cost stations to generate denser pollution
maps. Despite their ability to produce high-resolution AQ
maps, these approaches depend on reference stations with a
sparse deployment across a region, which limits their ability
to capture microclimate variations.

2.2 AQ Benchmarks
In Table 1, we compare previously published datasets and
benchmarks that contain LCS data with our new dataset,
AQ-SDR. We provide further details on AQ-SDR in Section
4.1 and the extended version. Previous datasets are either
limited to small-scale studies on a regional level (Diez et al.
2024), or cover shorter time periods (Jiao et al. 2016). While
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Dataset # of Period LCS &
Sensors (months) Reference

(Jiao et al. 2016) 20 10 LCS Only
(Diez et al. 2024) 49 34 LCS Only
(Van Poppel et al. 2023) 85 12 Both
(Bi et al. 2022) 109 22 Both
AQ-SDR 23737 80 Both

Table 1: Comparison between our dataset and other pub-
lished AQ datasets. We disregard small-scale hyperlocal
studies and datasets that have fewer than 10 sensors.

some benchmarks provide aligned LCS and reference station
readings (Bi et al. 2022; Van Poppel et al. 2023), they do
not provide a scale large enough to develop models that can
generalize across diverse pollution levels. Our dataset is de-
signed to serve as a unifying benchmark for LCS modeling
and correction methods, capturing a wide range of failure
modes, distribution shifts, sensor drift, and pollution levels
to reflect real-world LCS behavior. AQ-SDR is the largest
AQ sensor dataset to date, containing data from 23,737 low-
cost and reference sensors across multiple global regions,
collected over more than six years of deployment.

3 Reference-Free LCS Correction
3.1 Problem Formulation
A key challenge for reference-free correction is achieving
robustness against the diverse failures and environmental
factors seen in real-world deployments. Thus, it is essen-
tial to use a dataset that contains numerous instances of sys-
tematic drift, failures, and other erratic behaviors known to
hinder LCS correction when developing and validating cor-
rection models (Concas et al. 2021b).

These combined real-world challenges often cause stan-
dard denoising and sensor fusion approaches, such as least-
squares methods and Kalman filters (Kalman 1960), to fail
as their state estimation becomes unreliable when readings
are extremely erratic or contain missing values. To further
illustrate the issue of sensor drift, we show in Figure 2 an
example taken from AQ-SDR, shown as a comparison over a
three-year period between a low-cost air quality sensor and a
co-located, calibrated reference station in the city of Gronin-
gen in the Netherlands. LCS exhibit a noticeable shift in the
distribution of their PM2.5 readings over the years, despite
having a distribution similar to that of the reference station
around its initial deployment in 2019. In contrast, the well-
maintained reference station shows consistent behavior, with
a nearly identical data distribution over the same period.

To accurately model sensor bias, we build upon estab-
lished findings that show LCS errors exhibit both nonlinear
patterns and a systematic bias with heteroscedastic variance
caused by environmental factors (Sharma et al. 2025; Con-
cas et al. 2021b). These error characteristics motivated the
use of techniques like Gaussian process regression to cor-
rect LCS readings (Malings et al. 2019; Li et al. 2023). Con-
sequently, we adopt a similar rationale and propose a proba-
bilistic sensor fusion model based on advances in Variational
Autoencoders (VAEs) (Kingma and Welling 2014).
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Figure 2: Probability Density Function (PDF) of PM2.5 read-
ings from an LCS device co-located next to a reference sta-
tion over 3 years. The PDF of the LCS readings matches the
reference in the first year of deployment, then shows signifi-
cant drift over the next two years, unlike the well-maintained
reference station that exhibits consistent behavior.

3.2 Model Overview
Our probabilistic model, shown in Figure 3, is designed to
separate the true AQ readings from sensor noise. It learns
a mapping from a noisy high-dimensional input stream to a
low-dimensional latent variable. This latent variable repre-
sents a fused reading on a continuous manifold, which fa-
cilitates the reconstruction of a clean, corrected output. We
enable the encoder to learn a robust mapping from any given
reading to this manifold by training the model on a diverse
range of noisy inputs.

In this implementation, we focus on correcting individ-
ual snapshots of LCS readings rather than modeling changes
over time. We propose this design decision for two key rea-
sons: First, it is difficult to obtain perfectly time-aligned data
streams from multiple adjacent sensors without encounter-
ing gaps or simultaneous failures. Second, simultaneously
modeling time alongside all noise patterns (e.g., spikes,
missing data) compromises the model’s ability to capture
diverse non-temporal noise patterns. While our model pro-
cesses hourly readings per pass, this snapshot-based ap-
proach does not discard the underlying temporal informa-
tion. Since the correction model uses Lipschitz continuous
layers, temporal signatures in the corrected output will be
preserved (Virmaux and Scaman 2018).

3.3 LCS Noise Model
In this section, we provide the necessary formulation to build
Veli. We refer readers to (Kingma and Welling 2014) for
more insights on the foundations of VAEs, and provide a
more detailed derivation in the extended version.

To model the general structure of noisy LCS readings, we
start by defining a basic distribution for LCS readings:

xnoise ∼ N
(
y + µsens, Σsens

)
(1)

where xnoise ∈ Rd is a noisy, raw AQ reading from d
different sensors in the same vicinity and y ∈ Rd is the
unobserved AQ reading if it were measured by an ideal
instrument (e.g., reference station). As stated earlier, we
are building a reference-free method, so y is inaccessible
to us, and we replace it with predictions ŷ. µsens ∈ Rd
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Figure 3: Veli structure following the derivation in Section 3.3. The input starts with noisy AQ readings xn and auxiliary mask
of ‘NA’ readings ψ on the left, propagating through the model’s layers to generate a prediction of clean readings ŷ. Conditioning
on ψ is omitted in some blocks for visual clarity but is implemented properly. Prior distribution blocks (green) are used in the
training to estimate the variational distribution blocks (blue), which are used in the inference as indicated by the blue dashed
line. All distribution blocks are modeled by two multilayer perceptron (MLP) layers followed by an MLP layer for each of
the mean and variance. The losses LKLz

, LKLy
, and Lrecon correspond to the three terms in eq. (6). Sampling refers to the

traditional reparameterization in VAEs (Kingma and Welling 2014).

and positive definite diagonal covariance matrix Σsens =
diag(σ2

sens,1, . . . , σ
2
sens,d) are non-constant, nonlinear bias

and heteroscedastic terms that affect the LCS reading. While
µsens and Σsens do not model noise resulting from extreme
spikes and missing data (extreme noise conditions), they can
be used to produce a robust estimate of what the reading
would be under normal noise conditions.

To enhance the representational capacity of the het-
eroscedastic terms, we introduce z ∈ Rr as a latent variable,
where r ≤ d. To model z, we condition it on an auxiliary pa-
rameter that contains additional information about the data,
ψ ∈ Rd. We then propose the following prior distribution:

p(z | ψ) = N(µ(ψ),Σ(ψ)) (2)

Standard VAEs typically use a standard Gaussian prior,
N(0, I). However, to build a more identifiable and flexible
prior, we follow the approach in (Khemakhem et al. 2020)
and introduce ψ as our auxiliary parameter. This approach
allows the latent space to effectively learn diverse variations
within the input data, which is essential in filtering erratic
behavior. In the same manner, and since we are operating
without LCS-reference-paired readings (xnoise, y), we treat
y as a latent variable whose prior distribution is given as:

p(y | z, ψ) = N(µ(z, ψ),Σ(z, ψ)) (3)

3.4 Variational Approximations
We aim to reconstruct the signal by separately generating the
clean and noisy components of the reading. We tackle this by
maximizing a variational lower bound on log p(xnoise) that
contains z and y, conditioned on ψ, using the joint distribu-
tion factorization:

p(xnoise, y, z | ψ) = p(z | ψ)p(y | z, ψ)p(xnoise | y, z, ψ)
To estimate the distributions of y and z through the term
p(y, z | ψ), we will need to evaluate an intractable integral

with no closed-form solution. Therefore, we introduce ap-
proximate variational distributions similar to (Kingma and
Welling 2014), defined as:

qϕ(z | xnoise, ψ) ≈ p(z | xnoise, ψ)
qθ(y | z, xnoise, ψ) ≈ p(y | z, xnoise, ψ)

Under the Gaussian assumption, the posterior qϕ becomes:

qϕ
(
z | xnoise, ψ

)
= N

(
µϕz ,Σ

ϕ
z

)
(4)

In practice, µϕz and Σϕz are produced by an encoder net-
work with two-branch outputs fϕ, gϕ, respectively, such that
µϕz = fϕ,µ(xnoise, ψ) and log Σϕz = gϕ(xnoise, ψ). Simi-
lar to eq. (4), we can define the parameterized posterior ap-
proximation qθ as:

qθ(y | z, xnoise, ψ) = N
(
µθy,Σ

θ
y

)
(5)

and is parameterized by θ in the same manner such that
µθy = fθ(z, xnoise, ψ) and log Σθy = gθ(z, xnoise, ψ).
In this design, µθy is the clean reading mean estimate ŷ.

Using eqs. (5) and (4), we can approximate the intractable
term p(y, z | ψ) with a variational approximation qθ,ϕ(y, z |
xnoise, ψ). Substituting qϕ and qθ into the log-likelihood al-
lows us to derive the Evidence Lower Bound (ELBO). Min-
imizing the negative ELBO sets the objective to find optimal
parameters ϕ, θ for our model, such that:

log p(xnoise | ψ) ≥ E qθ,ϕ(y,z|xnoise,ψ)

[
log p(xnoise, y, z | ψ)

− log qθ,ϕ(y, z | xnoise, ψ)
]

By using eq. (1) as our reconstruction goal and incorporating
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z and ψ into the design, the final negative ELBO becomes:

L(θ, ϕ) = βzDKL

(
qϕ(z | xnoise, ψ) ∥ p(z | ψ)

)
(6)

+ βyDKL

(
qθ(y | z, xnoise, ψ) ∥ p(y | z, ψ)

)
+ α

d∑
i=1

[
log

(
2π σ2

sens(z)i
)
+

(
xi − ŷi − µsens(z)i

)2
σ2
sens(z)i

]

where σ2
sens(z)i and µsens(z)i are the non-linear bias and

heteroscedastic terms in eq. (1), and ŷ is the sampled pre-
diction from the distribution in eq. (5) during training, but is
taken as a point estimate during inference. Here α, βz, βy >
0 are tunable coefficients similar to (Higgins et al. 2017).

The goal of this formulation is to minimize the recon-
struction term to shrink toward zero, which happens when
µsens(z) absorbs the noise that creates xnoise, allowing qθ to
recover the underlying clean reading y. Concretely, qθ(y |
z, xnoise, ψ) then learns the noise-free form of the signal
such that our best estimate of the underlying clean signal,
given a noisy input, becomes µθy(z, xnoise, ψ).

This approach offers a clear advantage as it learns a
smooth latent manifold that transforms erratic sensor read-
ings, including missing values and spikes, into clean, con-
tinuous representations for decoding. By training on a richly
varied dataset, the model captures the full spectrum of AQ
conditions, producing a latent encoding for virtually any
combination of noisy readings.

4 Experiments and Results
4.1 AQ-SDR Dataset
Dataset Details To build our model, we use our pro-
posed dataset, the AQ-SDR, which aggregates the LCS data
from three major citizen-science initiatives: SamenMeten,
Sensor.Community, and Location Aware Sensing System
(LASS) community (Chen et al. 2017). To supply reference
measurements to validate our method, we provide data from
four authoritative sources: LuchtMeetNet (Air Measurement
Network), the Royal Netherlands Meteorological Institute,
the European Environment Agency, and the Taiwanese Min-
istry of Environment Open Data. The majority of the de-
ployed LCS began operating in 2019 and continue to pro-
vide measurements, with a smaller subset having been op-
erational since before 2019. To further evaluate our model’s
generalizability across different pollution levels and regions,
we create two partitions of the AQ-SDR dataset: an in-
distribution set and an out-of-distribution set. We illustrate
the difference between the in-distribution data and out-of-
distribution data using two samples shown in Figure 4. The
left-skewed distribution of the in-distribution data (Nether-
lands) reflects lower pollution levels, in contrast to the right-
skewed distribution of the out-of-distribution data (Taiwan),
which indicates higher pollution levels.

The first, in-distribution partition of the AQ-SDR has data
from 99 sites across the Netherlands, each location host-
ing ten different LCS with no co-located reference station
(reference-free). Its corresponding test set has five sites, cho-
sen to provide the widest geographic coverage possible, each

co-located with at least one reference station. The out-of-
distribution partition consists of data from 55 heavily pol-
luted locations in Taiwan, with no co-located reference sta-
tion. The test set consists of five locations with co-located
reference stations, similarly chosen to provide a wide geo-
graphic coverage. The dataset and the code to generate the
partitions is publicly available and well-detailed, with fur-
ther details on the dataset in the extended version. AQ-SDR
will also be made accessible to the public through an inter-
active online dashboard as shown in Figure 1.
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Figure 4: PDF Comparison of in-distribution and out-of-
distribution data. Readings from the Netherlands are skewed
to the left, indicating lower pollution levels, in contrast to the
readings from Taiwan that reflect higher levels of pollution.

Dataset Processing Each LCS site hosts ten temporally
aligned PM2.5 sensors, which are sampled hourly, such that:{

xi(t)
∣∣ i = 1, . . . , 10, t = t1, . . . , tT

}
,

where xi(t) is the reading from the i-th sensor at time t.
While using ten sensors was our design choice, we show in
Section 4.4 implementations with fewer than ten sensors. To
model missing data (referred to as ‘NA’ in this work) for sen-
sor i at time t, we define an auxiliary mask ψ that is aligned
in time to each location, such that ψi(t) = 1 if the data is
observed, and ψi(t) = 0 if the data is missing (‘NA’). This
mask is essential for modeling data absence as conditional
information in our model. In evaluation regions, we have
aligned reference (ground truth) data y(t). If there is more
than one nearby reference station, we average their readings.
At no point during the training was the model exposed to ref-
erence readings, keeping it completely reference-free.

4.2 Implementation Details & Evaluation Metrics
The model was implemented using PyTorch 2.3.1 and
trained on an NVIDIA RTX 3090 GPU. We trained the
model for 100 epochs with an ADAM optimizer, a batch size
of 64, and an initial learning rate of 1×10−6. Hyperparame-
ters α, βz, βy in eq. (6) are set to 1, 10, 0.1, respectively, and
we provide sensitivity analysis in the extended version.

All MLP layers that do not concatenate inputs use a hid-
den dimension of 32. For out-of-distribution fine-tuning, we
froze the decoder and trained only the encoder for an addi-
tional 30 epochs on the new data distribution. Other imple-
mentation, tensor preparation, and evaluation details match
previous works in time-series modeling (Liu et al. 2024).

To evaluate our model, we use Mean Absolute Error
(MAE) as the standard metric from the literature to compare
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Figure 5: 12-hour-averages for Utrecht’s data over two months. The readings of the raw LCS deviate significantly from the
reference reading. Veli takes these readings as an input and outputs an accurate corrected measurement that matches the refer-
ence’s readings. The region in the red-dashed lines is zoomed in on Figure 1.

model outputs to reference readings (Concas et al. 2021a;
Maag, Zhou, and Thiele 2018). We also report the average
and standard deviation of the output over five runs with dif-
ferent random seeds for all numerical results. In all experi-
ments, ‘raw LCS’ is the input to Veli.

As this is the first work to propose a completely reference-
free correction method, no other methods exist for a di-
rect comparison. In addition, no large-scale unifying bench-
mark exists aside from AQ-SDR. We instead provide a com-
parison against traditional blind denoising techniques like
Kalman Filters (KF) (Kalman 1960) and Principal Com-
ponent Analysis (PCA) denoising (Weston, Schölkopf, and
Bakir 2003). A KNN imputer was used to enable these two
methods to run on data with missing readings.

4.3 Correction Results
In-distribution Results Table 2 presents the model’s per-
formance across five locations in five different cities in the
Netherlands. The MAE decreased substantially compared
to the raw LCS readings in Amsterdam, Rotterdam, and
Utrecht. We also show the LCS units from IJmuiden and
Nijmegen providing accurate readings that do not require
correction. Veli introduces minimal stochastic noise due to
sampling, and we expand on this in the extended version.

City MAE (µg/m3)

LCSm PCA KF Veli

Amsterdam 11.34 10.45 9.77 3.73±0.15
Rotterdam 21.27 22.31 11.57 3.36±0.37
Utrecht 24.77 13.72 15.95 5.25±0.26
IJmuiden 4.02 3.93 4.36 3.44±0.20
Nijmegen 2.82 2.82 2.96 3.06±0.18

Table 2: MAE comparison for in-distribution raw LCS, PCA
denoising, KF denoising, and Veli’s output. LCSm is the av-
erage of raw LCS readings. Veli’s results show mean ± stan-
dard deviation across five random seeds.

Figure 5 presents a 12-hour-average time series over a
two-month period in Utrecht, which has the worst raw
LCS accuracy among the selected regions. The region in

the graph between the red-dashed lines highlights a four-
day window, whose hourly sampling was shown earlier in
Figure 1. Veli successfully captures both short- and long-
term trends and spikes, despite our model being completely
reference-free. While our model performs best when the
raw LCS data exhibits an underlying trend (i.e., is not com-
pletely random), it is also designed to handle a common fail-
ure mode in which sensors produce random readings. We
demonstrate this robustness in Section 4.4.
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Figure 6: Percentage of data points that are within a thresh-
old ϵ of the reference readings.

To obtain a holistic view of Veli’s correction, we measure
the hit rate, defined as the percentage of individual readings
whose value is within a given threshold (ϵ) from the refer-
ence value. We count all measurements that have MAE ≤ ϵ,
and plot this percentage of total data in Figure 6. For the raw
LCS readings, we need to relax the MAE margin to be up to
20 to capture 80% of all readings, in contrast to our model,
for which the required margin is reduced to only 7.34.

Out-of-distribution Results We further evaluate our
model on out-of-distribution data from five locations in five
different cities in Taiwan, shown in Table 3. “Veli zero-shot”
denotes applying the weights trained on in-distribution data
directly. For the fine-tuning variant, we froze the decoder
and trained the encoder for 30 additional epochs on the Tai-
wanese LCS subset (reference-free). While the model shows
strong average performance in a zero-shot setting, the results
are inconsistent, illustrated by the high standard deviation
across experiments. After fine-tuning, the model becomes
significantly more reliable on out-of-distribution data.
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City LCSm PCA KF Veli
Zero-shot Fine-tuned

Taichung 10.01 10.01 9.98 7.78±1.22 7.65±0.03
Tainan 14.09 14.25 13.28 8.59±1.48 7.83±0.27

Taoyuan 9.22 9.11 9.04 5.79±0.10 5.64±0.06
Taipei 7.52 7.49 7.58 6.51±0.98 6.43±0.03
Puzi 13.75 13.70 13.80 9.10±1.27 9.04±0.09

Table 3: MAE (µg/m3) comparison for out-of-distribution
raw LCS, PCA denoising, KF denoising, and Veli’s output.
LCSm is the average of raw LCS readings. Veli’s results
show mean ± standard deviation across five random seeds.

4.4 Model Analysis and Discussion
Temporal Analysis PM2.5 readings typically exhibit
strong autocorrelation that gradually decays over time, pri-
marily driven by the underlying pollutant concentrations
(Zaini et al. 2022). In addition to this inherent structure,
noise from LCS can also introduce significant autocorrela-
tion, often persisting for up to 48 hours, as illustrated in Fig-
ure 7. The raw LCS readings remain highly autocorrelated
for an extended period of time, in contrast to the trends seen
in the reference stations. Our model eliminates this noise,
producing outputs that closely match the reference time se-
ries. This behavior is consistent with the discussion in Sec-
tion 3.1, showing that our model corrects the readings with-
out compromising temporal information.
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Figure 7: Comparison of autocorrelation over 48 hours. Cor-
recting the raw LCS with Veli yields a behavior that is simi-
lar to a well-maintained reference station.

Ablation Studies & Limitations To simulate adversarial
sensor failure (channel dropout), we took the original test
data and randomly replaced a fixed number of the 10 sensor
readings, n, with ‘NA’ values for each hourly sample. We
then evaluated the model’s performance for different values
of n, from 1 to 9. Figure 8 shows how these injected failures
degrade the correction’s performance, but remains within an
acceptable range of accuracy (MAE < 10). For sensors that
are already accurate (e.g., Nijmegen’s LCS), using a varia-
tion of Veli with fewer channels would be beneficial, which
we show in the next subsection and in the extended version.

Minimum Number of Viable Sensors As established
previously, our configuration uses a collection of 10 LCS per
region. To evaluate Veli’s flexibility, we tested its correction
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Figure 8: Effect of modeling sensor failure by injecting ‘NA’
readings into available LCS readings.

performance on subsets containing only 3, 5, and 7 sensors.
For every sample, we ensured that at least half the sensors
had a non-NA reading (rounded down). As Figure 9 shows,
reducing the number of sensors does not significantly affect
Veli’s performance. However, using only three sensors in-
creases the risk of connectivity loss, which can result in data
gaps. Therefore, we retain 10 sensors as our standard config-
uration to maximize connectivity and data availability, but
show that Veli remains effective using as few as 3 sensors.
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Figure 9: MAE of applying Veli on LCS readings when
trained and tested on subsets with 3, 5, 7, and the default
10 sensors. The results demonstrate that performance is not
significantly impacted by a reduction in sensor count.

5 Conclusion
In this work, we present Veli, an unsupervised Bayesian cor-
rection method for low-cost AQ sensors that does not require
high-cost reference stations, lowering the barrier for deploy-
ing dense monitoring networks. To develop and evaluate our
model, and to build a unifying benchmark for LCS, we also
present the largest AQ benchmark to date, AQ-SDR, which
contains data from 23,737 sensors distributed across multi-
ple regions, capturing a diverse set of sensor errors and fail-
ure modes. Our evaluation demonstrates that Veli provides
robust correction across varying pollution levels and data
distributions and is resilient against common sensor failures,
such as erratic spikes and complete sensor blackouts. We en-
vision this work serving both as a practical solution for long-
term LCS deployment and as a foundational benchmark for
future research in AQ monitoring.
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