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ABSTRACT

Mobile air pollution sensing methods are developed to collect air
quality data with higher spatial-temporal resolutions. However,
existing methods cannot process the spatially mixed gas samples
effectively due to the highly dynamic temporal and spatial fluctua-
tions experienced by the sensor, leading to significant measurement
deviations. We find an opportunity to tackle the problem by ex-
ploring the potential patterns from sensor measurements. In light
of this, we propose MobiAir, a novel city-scale fine-grained air
quality estimation system to deliver accurate mobile air quality data.
First, we design AirBERT, a representation learning model to discern
mixed gas concentrations. Second, we design a knowledge-informed
training strategy leveraging massive unlabeled city-scale data to
enhance the AirBERT performance. To ensure the practicality of
MobiAir, we have invested significant efforts in implementing the
software stack on our meticulously crafted Sensing Front-end, which
has successfully gathered air quality data at a city-scale for more
than 1200 hours. Experiments conducted on collected data show
that MobiAir reduces sensing errors by 96.7% with only 44.9ms
latency, outperforming the SOTA baseline by 39.5%.
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Figure 1: Means of urban air quality monitoring: monitoring
stations, static sensing, and mobile sensing.

1 INTRODUCTION

In the quest to safeguard public health, monitoring air quality
emerges as a crucial undertaking. The World Health Organization
has attributed over 7 million premature deaths worldwide to de-
teriorating air quality-related diseases [5-7]. Typically, air quality
monitoring at the city scale heavily relies on meteorological stations.
However, these stations, limited in number and fixed in location,
can only offer a coarse-grained view of urban air quality as depicted
in Fig.1(a). This limitation is particularly concerning given that ma-
jor air pollutants (e.g., PM, VOC, NOyx, CO) demonstrate significant
dispersion effects over merely hundred-meter-scale distances[8]. As
a result, people lack access to fine-grained air quality information
in their immediate living and working environments [9].

To enhance the granularity of air quality monitoring, a naive
approach is to extensively deploy static air quality sensing nodes
across the city (Fig.1(b)). However, the high costs of deploying and
maintaining such a widespread sensing system render it impracti-
cal for large-scale implementation. In contrast, a more promising
solution lies in mobile crowd-sensing (MCS), which utilizes crowd-
sourced vehicles (e.g., taxis) equipped with sensing nodes (Fig.1(b))
[10-12]. These vehicles continuously gather and report air pollu-
tant concentration data and their sampling locations while moving,
offering cite-wide coverage and fine-grained measurements[13-15].

Albeit inspiring, vehicle mobility presents notable challenges
for MCS in precise city-scale air quality monitoring. Commercial
sensors, with a gas collection and response time of 30~150s!, may
result in spatially mixed gas samples as vehicles move around 300m
(i.e., 40km/h velocity). This issue is compounded when sensors,

'We have analyzed the response time of air pollution sensors manufactured by 5 pop-
ular enterprises on the market, including City Tech [16], Alphasense [17], Figaro [18],
Membrapor [19], and SGX Sensortech [20].
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Figure 2: The average relative errors of static and mobile
sensing are 4% and 174%.

retaining remnants of previously sampled gas, mix it with new
samples, thus continuously creating blended measurements from
adjacent locations with low accuracy. As depicted in Fig.2, mea-
surements from sensors on moving vehicles are average 170% less
accurate than those from stationary ones. Therefore, it is imperative
to estimate accurate and fine-grained air quality data from those
spatially mixed gas measurement time series.

Nowadays, BERT (Bidirectional Encoder Representations from
Transformers) has proven effective in time series analysis, thanks
to its bidirectional context interpretation. In this work, we aim to
explore the potential of BERT to accurately derive true pollutant
concentrations from spatially mixed gas measurements. Specifically,
BERT’s ability to contextualize data points makes it well-suited
for unraveling the intricate data in urban air quality monitoring.
However, translating this insight into a practical city-wide MCS
system is non-trivial and faces two challenges:

(C1) Distinctive characteristics of spatially mixed gas mea-
surements. Unlike typical time series, gas measurements exhibit
pronounced non-stationary and non-Markovian characteristics,
posing challenges in isolating authentic gas concentration from
interference introduced by other gas samples. Existing approaches
frequently overlook the mixing effect of gas samples from diverse
sensing positions or focus solely on scenarios with low sensor
mobility [21, 22].

(C2) The network for city-scale air quality estimation is hard
to converge with limited labeled data. Initially, acquiring labeled
data is challenging, as mobile sensors only sporadically encounter
sparsely scattered stations which provide ground truth [23]. Con-
sequently, plenty of sensor readings lack ground truth, negatively
impacting the performance of learning-based methods that heavily
rely on labeled data. Furthermore, attaining a generalized model
for city-scale deployment necessitates the collection of labeled data
across diverse usage scenarios in a city. This is particularly challeng-
ing due to the geographical variation of air pollution, exacerbating
the situation [24].

To tackle these challenges, this work proposes MobiAir, the
first city-scale air quality estimation system with high-frequency
sampling mobile sensors.

(S1) To tackle (C1), we design a 3-block AirBERT model based
on correlation analysis to remove the mixing influence of other
gas samples on the true concentration, which enables BERT to pro-
cess the spatially mixed gas measurements. AirBERT, thoughtfully
crafted, is lightweight and can be deployed on edge devices for
real-time estimation.

(S2) To tackle (C2), we design a knowledge-informed training
strategy to greatly reduce the demand for labeled data. First, com-
bining geographical information, we design a pre-train phase based
on mask language model (MLM), enabling AirBERT to capture
changing patterns of sensor measurements in different regions
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Figure 3: The structure of an EC sensor.

from extensive and unlabeled city-scale data. Subsequently, in the
fine-tuning phase, the representations acquired during the pre-train
phase are employed to help AirBERT effectively learn the mapping
relationship between sensor measurements and true concentrations
in a supervised manner. This training strategy effectively mitigates
the need for a substantial amount of labeled data.

In order to render MobiAir a practical solution, we invest signif-
icant effort in deploying the software stack onto our meticulously
crafted Sensing Front-end. MobiAir has operated for more than
1200 hours. The experimental trajectory has covered over 1067km?
of land in a major international city. The collected data has a spatial
resolution of less than 50m. We conduct extensive experiments
under different sampling and labeling rates with various air pol-
lutants. Results show that MobiAir has reduced the measurement
error by 96.7% on average with 44.9ms latency, surpassing the SOTA
baseline by 39.5%.

In summary, the main contributions are as follows:

(1) We propose MobiAir, as far as we are aware, the first accurate
city-scale fine-grained air quality monitoring system based on MCS.
(2) We develop a novel estimation module fusing AirBERT with
a knowledge-informed training strategy to separate the spatially
mixed gas measurements with fewer demands for city-scale labeled
data by extracting non-stationary and non-Markovian features and
modeling the mutual influences among sensor readings.

(3) We design a modular sensing front-end with separate chambers
and active airflow design, which aims to collect highly mobile air
quality data under high sampling rates.

(4) We implement and evaluate MobiAir with massive data in real-
world environment. Extensive city-wide evaluation results show the
effectiveness of MobiAir in estimating air pollutant concentrations.

The rest of the paper is organized as follows. Section 2 details
our motivation. Section 3 presents the system overview of MobiAir,
followed by novel designs and implementation in Sections 4 to 6.
Sections 7 and 8 evaluate MobiAir and present practical applications.
Sections 9 and 10 review related works and conclude the paper.

2 BACKGROUND OF AIR QUALITY
MEASUREMENT

In the realm of air quality assessment, electrochemical (EC) sensors
are favored for their cost-effectiveness and high portability [25],
accounting for over 23% of the global revenue [26]. Despite their
ubiquity, commercial EC sensors often exhibit substantial measure-
ment errors during mobile sensing under elevated sampling rates.
This issue primarily stems from the prolonged response time of
these sensors, ranging from 25~80s. The response time denotes the
temporal delay from changes in gas concentration to the stabiliza-
tion of sensor readings. This parameter is inherently dictated by
the working principle of the sensor [27]. As depicted in Fig. 3, when
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Figure 4: MobiAir consists of the air quality mobile sensing and an estimation module. The estimation module is composed of
AirBERT to separate the mixed measurements of gas concentrations, an pre-train phase utilizing masked samples generated
from massive unlabeled data, and a fine-tune mechanism using limited labeled data.

external gas concentration increases, molecules diffuse into the sen-
sor through a porous membrane due to the concentration gradient.
Subsequently, these molecules undergo reactions on the working
electrode (WE) surface. Finally, electrons transfer from the WE,
generating a current that flows sequentially through the counter
electrode (CE) via an external circuit. It is essential to note that the
response time encompasses diffusing time, chemical reaction time,
and electrical signal-producing time.

o Diffusing time: Fike’s first law tells that it takes time for gas
molecules to diffuse from the external environment to the electrode
surface. This depends on the sensor structure, electrode spacing,
and electrolyte diffusion coefficient [28].

o Chemical Reaction Time: Governed by reaction kinetics, gas reac-
tions on the electrode surface occur continuously over time. The
chemical reaction time is contingent upon gas concentrations, tem-
perature, and Gibbs free energy [29].

o Electrical Signal-producing Time: It refers to the time to form a
current, which can be disregarded since the establishment of an
electric field occurs at the speed of light.

3 OVERVIEW

3.1 Problem Formulation

3.1.1  Gas Concentration Mixing Mode. To achieve a high sampling
rate, the reading from a sensor would represent the sample of the
quality of the air over a distance as a vehicle moves.

Therefore, stable and accurate concentration measurements for
the sampled gas are unattainable due to the incomplete reaction.
Moreover, the residual gas from the prior sampling lingers in the
sensor, influencing the measurement of the currently sampled gas.

As a result, the gas in the sensor comprises both the presently
sampled external gas and the residual gas from the preceding sam-
pling. To streamline the complex processes of gas diffusion and elec-
trochemical reactions, the gas concentration Iy within the sensor at
each sampling time is expressed as the following linear combination,
accounting for both "current” and "previous" components.

weRy + (1 - Wt)It—l fOV t>1,
fort=0.

1

woRo
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R; denotes the target "current” gas concentration to measure, and
w; serves as the coefficient to balance the 2 components.

Therefore, the sensor measurement C; represents the observa-
tion of the mixed gas concentrations I; instead of R;. In addition,
C; is affected by the previous sensor measurement due to the con-
tinuous nature of the electrochemical reaction. Consequently, C;
can be expressed as a similar linear combination as follows,

fort >1,
fort=0.

W;It +(1- W;)Ct_l

Cr = 2

W(’)Io
Ct-1 refers to previous sensor measurement. wj balances the mixed
gas concentrations and previous sensor measurement.
3.1.2 Concentration Estimation Problem. The inference of R; can
be formulated as a hidden state estimation problem. During
mobile sensing, we can only collect a biased sensor measurement
C; instead of the real value R;. Thus, the true gas concentration
can be treated as a hidden state, while the corresponding sensor
measurement can be viewed as system observation. Our objective
is to infer the hidden states accurately with system observations.

Consequently, the problem can be formalized as follows,

T
argming Y IIF(Cr) = Rell3 - 3)
t=1

T is the length of the measurement sequence. Eq.(3) illustrates
we need to find an estimation function f to map observations to
state values. Our goal is to minimize the L2-norm error between
estimated results and hidden states.

3.2 System Design Overview

We developed MobiAir with the aim of minimizing measurement
errors of mobile EC sensors. The system architecture of MobiAir
is illustrated in Fig.4. MobiAir comprises an air quality mobile
sensing module and an estimation module. MobiAir first collects air
quality data and corresponding vehicular information with mobile
sensors and a speedometer. Then, historical sensor measurements
are categorized into labeled and unlabeled groups based on the
distance between the sensing position and the nearest monitoring
station. The unlabeled and unlabeled data are used to pretrain and
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finetune AirBERT sequentially. In the inference stage, the finetuned
AirBERT is employed to transfer the knowledge of mapping sensor
readings to true concentrations for real-time estimation of city-scale
sensor measurements. To achieve these goals, MobiAir integrates
three core components:

e AirBERT (Sec. 4): We design a tailored gas concentration separa-
tion model called AirBERT to process spatially mixed gas measure-
ments. It models and eliminates the mixing influence of other sensor
readings on a target measurement by extracting the correlation
among adjacent readings.

o Knowledge-informed training strategy (Sec. 5): To guarantee the
AirBERT effectiveness across the entire city, we design a pretraining
task based on MLM. This task generates masked sample-label pairs
with city-scale unlabeled sensor readings, which enables AirBERT
to learn changing patterns of sensor measurements at different areas
of a city. Then, the limited labeled measurements are used to fine-
tune AirBERT, which optimizes estimation outcomes of AirBERT
to closely align with ground truth from monitoring stations.

® Sensing Front-end (Sec. 6): We meticulously design the MobiAir
sensing front-end to facilitate the acquisition of mobile air quality
data at high sampling rates. Our sensing front-end incorporates var-
ious innovative features, including the miniaturization of reaction
chambers and an active airflow design. These enhancements aim
to create a stable reaction environment and minimize the diffusing
time of EC sensors.

4 AIRBERT FOR CONCENTRATION
SEPARATION

4.1 Observation

To find an effective estimation function, we first model the correla-
tion between C; and R;. Combining (1) and (2), the correlation can
be expressed as follows,

N
Ct =Ry + Z WC,s_peCt—nr- (4)
n=1
wc,_,,, denotes the influence coefficient of previous sensor mea-
surements on Cy, determined by w; and w;. Eq.(4) indicates that we
need to eliminate the influences of previous sensor measurements
on C; to get the true value R;.

According to Eq.(4), C; exhibits non-stationary and non-Markovian
properties. First, C; is time-dependent. Statistical characteristics like
the average and standard deviation change over time and sensing
positions since air pollutant concentrations vary with geographic
features across a city. Second, C; depends not only on the current
true gas concentration but also on multiple previous measurements.

Originally designed for NLP applications, Bidirectional Encoder
Representations from Transformers (BERT) is an effective repre-
sentation learning technique, which aims to extract semantic fea-
tures and contextual representations from massive corpus data [30].
Specifically, the multi-head attention mechanism in transformer
blocks can gather information from tokens in multiple positions,
which allows BERT to consider long-distance sequential depen-
dencies. In addition, multiple bidirectional-connected transformer
encoders also encode input sequences from both directions, which
allows BERT to consider the contextual correlation.

Thanks to the extraordinary ability to learn representations from
sequences, BERT has been extended to process complex time series
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Figure 5: AirBERT Design.

tasks, such as pandemic prediction [31] and video representations
[32, 33]. Thus, we design a novel AirBERT model to separate the
mixed gas concentrations using contextual correlation among sen-
sor measurements.

4.2 AirBERT Design

Fig.5(a) delineates the AirBERT framework, encompassing corre-
lation analysis, mixing influence analysis, and concentration sep-
aration. Initially, we calculate self-attention weights to assess the
influence coefficients of previous sensor measurements on C, em-
ploying the dot-product as the score function. Subsequently, the
coefficients and prior sensor measurements are multiplied to quan-
tify the influence values. Finally, in the concentration separation
stage, AirBERT removes the influences from C; via linear combina-
tion and outputs estimated R;.

(1)Why do we design correlation analysis to assess influences
among measurements? Modeling the influence is challenging due
to the dynamic nature of wc,_,_ influenced by factors like sam-
pling interval, air flow, vehicular speed, and true gas concentration
variations. However, the influence manifests as correlations among
measurements, reflecting non-stationary and non-Markovian prop-
erties. As a common approach for temporal feature extraction in
time series, correlation analysis can be an alternative to calculate
coefficients to infer the unknown influences in a measurement se-
quence. The correlation coefficients can be trained iteratively to
approximate the real wc,_, . gradually under label supervision.

(2)Why do we adopt self-attention weights for correlation analysis?
Inspired by the self-attention mechanism in BERT, the self-attention
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weights a;, in AirBERT gather bidirectional information from multi-
ple previous sensor measurements to model contextual correlation.
The self-attention mechanism provides three advantages. First, it
models long-term dependencies in sensor measurements beyond
adjacent time steps. Second, it considers the contextual correlation
throughout the entire sequence without length limitations. Third. it
calculates the correlation between every two sensor measurements,
enabling the capture of extensive temporal features.

(3) Why do we use dot-product to calculate attention weights? In the
linear signal space formed by all possible sensor measurements, the
dot-product serves to measure the similarity between two vectors,
effectively assessing the correlation between two sensor measure-
ments. Additionally, the dot-product exhibits linear time complexity,
suggesting the model’s potential for on-board implementation.

4.3 AirBERT Structure

As a BERT-based representation learning model, AirBERT extracts
contextual correlation among sensor measurements. The AirBERT
structure is illustrated in Fig.5(b). Initially, we design a multi-layer
perception (MLP) as a trainable embedding module to map the
original measurements [ in a time window &, to a hidden repre-
sentation E € R5Xd, where d is the dimension of the hidden em-
bedding. The trainable positional encoding module processes the
hidden embedding and outputs H retaining position information of
I. Subsequently, the K attention-enteric blocks take H as input and
output E. Finally, an MLP with a layer norm maps representations
to estimated results.

o Attention-enteric Block: Each attention-enteric block encompasses
a multi-head self-attention module and a feed-forward module
consisting of multiple MLP layers. In this work, K is set to 2. It is
worth noticing that 2 residual blocks are adopted in each attention-
enteric block, which can improve the depth and the expressiveness
of the network effectively.

o Cross-layer Parameter-sharing Mechanism: This mechanism aims
to enhance parameter utilization efficiency. In specific, only the
parameters in the first attention-enteric block need training. While
other attention-enteric blocks share the same parameters in the
first block. This approach reduces the computation complexity of
the model effectively.

5 KNOWLEDGE-INFORMED TRAINING
STRATEGY

5.1 Observation

City-scale air quality mobile sensing requires sensors to cover the
entire city. However, there exists very little ground truth data due
to the sporadically distributed air quality monitoring stations. Co-
incidentally, in NLP tasks, many corpus data are also unlabeled due
to privacy concerns, and the time and financial costs of manual
labeling.

Fortunately, the self-supervised learning (SSL) method is pro-
posed to solve the challenge of limited ground truth by learning
features from unlabeled data in advance, which has been verified
to bring significant performance gains on many challenging down-
stream tasks [34-37]. Specifically, based on the characteristics of the
final task, SSL designs a pretraining task and generates data-label
pairs from massive unlabeled data to pretrain a model. The model
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Figure 6: The MLM task assists AirBERT to learn correlation
among sensor measurements.

is then fine-tuned to adapt to the downstream task with limited
labels, combining the learned knowledge during pretraining.

Official monitoring stations typically measure air pollutant con-
centrations at specific locations. Moreover, according to the United
States Environmental Protection Agency, air quality monitoring
stations are designed to support human health objectives and are
typically positioned near representative urban areas including busy
roads, city centers, and locations of particular concern (e.g., schools,
hospitals, and emissions sources). What we aim to estimate is the
fine-grained air quality in a city composed of these representative
areas. Inspired by the advantage of SSL, we design a representative
area-based knowledge-informed training strategy to help enhance
the AirBERT estimation performance.

5.2 Training Strategy Design

Fig.6 details our knowledge-informed training strategy. In the self-
supervised pretraining phase, we design a masked language model
(MLM) task to pretrain AirBERT. MLM randomly masks readings
in city-scale sensor measurements, where the masked values are
treated as generated labels. Combined with geographic informa-
tion, AirBERT learns to extract spatial and temporal dependencies
among sensor measurements from unmasked positions and trans-
fer the knowledge related to geographic locations to recover the
masked values. In the supervised fine-tuning phase, AirBERT is
further trained with limited labeled data to separate the mixed gas
concentrations and estimate true values under supervision. This
enables AirBERT to learn the mapping relationship between sensor
measurements and ground truth.

(1)Why do we design the MLM task as the pretrain task? Our
downstream regression task aims to estimate the real value R;. As
a more versatile pretraining task in NLP, MLM helps a language
model predict masked tokens by understanding the word meaning
based on contextual information, which allows the model to learn
more fundamental but crucial language representations and better



MOBISYS ’24, June 3-7, 2024, Minato-ku, Tokyo, Japan

Algorithm 1: Multi-spot Masking Policy

Input: Measurement sequence C, sequence length L
Output: Mask position set M, masked value set V,
masked sequence [
1 Initialize: r,, p, pm;
2 lgoar & max (1, [LX1rp]), M 0,V « 0,

_ lyoa _
L [Llgoa]. P — (1= p) " 'p/ 220 (1= p)*'ps
3 while I[M| +1 < [y, do

4 sample [ from [ ~ Pp;

5 ls < min(ls, lyoar — [ M]), start < Randint(1, L);
6 if start ¢ M then

7 for i = start to min(start +Is,L — 1) do
8 M= Mu{i};

9 if Rand(0, 1) < p,,, then

10 | V=VU{C.},Ci. « 0;

11 end

12 end

13 end
14 end
15 [« C;

16 return M,V,I

adapt to multiple downstream tasks. Considering the similarity
between R; estimation and tokens prediction, we design the MLM
task to compel AirBERT to extract more underlying spatial and
temporal correlation among sensor measurements and transfer the
learned knowledge to recover masked values.

(2) What features can AirBERT learn in the MLM task? From mas-
sive sensor measurements collected over a long period, AirBERT
learns the general time- and spatial-invariant knowledge among
measurements. Specifically, AirBERT can obtain statistical charac-
teristics such as variance and range from a stationary sequence. It
indicates the sensor noise level and can evaluate the fluctuation of
measurements. Combining geographic information, AirBERT can
learn the spatial variation pattern of air pollutant concentrations.
Notably, these features often exhibit significant temporal stability.

(3) Why can the fine-tuned model be generalized to city-scale de-
ployment? City-scale sensor measurements exhibit higher spatial
density than ground truth from scattered monitoring stations. In
the self-supervised pretraining phase, AirBERT captures detailed
spatial correlation among sensor measurements across various city
areas. In the supervised finetuning phase, AirBERT can learn the
mapping relationship between sensor measurements sampled near
monitoring stations and corresponding ground truth. Thus, when
deploying the fine-tuned AirBERT in regions without monitoring
stations, it can transfer the mapping relationship near the stations
to these regions for true value estimation.

5.3 Phasel: Self-supervised pretraining

In this phase, we design an MLM mission to help AirBERT learn
spatial and temporal correlation among sensor measurements. The
MLM task randomly masks multiple pieces in measurement se-
quences. Then, the pretrain model learns to recover the masked
values with adjacent unmasked readings.

o pretraining Model: The pretraining model consists of a represen-
tation extractor as an encoder and a knowledge-transfer-based
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predictor as a decoder. The decoder reconstructs the masked read-
ings with representations generated by the encoder. Additionally,
the MLM mission is treated as a regression task. Thus, the loss
function is defined as the mean squared error (MSE) between the
original readings and reconstructed values at masked positions.

® Mask Policy: To enable AirBERT to recover the masked readings
considering longer temporal dependency, we randomly mask more
sensor measurements in a sequence, which provides a more chal-
lenging condition for AirBERT to learn the spatial variation trend
of air pollution. We design the Multi-spot Masking Policy to decide
the number and positions of masks and generate training data, as
shown in Algorithm 1. The original MLM task in BERT masks only
one token in a text sequence since many words have independent
meanings [38]. However, in our question, AirBERT may easily de-
grade to copy neighbor readings as the output if masking only one
position, since it may overly focus on specific positions and neglect
other readings. An input with high-proportion masked pieces can
provide a more challenging task to train an effective model.

5.4 Phase2: Supervised Fine-tuning

In this phase, we train a new decoder with representations gener-
ated by pretrained AirBERT to estimate real gas concentrations.
The process is supervised by the ground truth.

e Many-to-many Mapping Scheme: The input and output in this
phase are sequences. Both recent past and close future measurements
are included in the input sequence. Compared to one-to-one map-
ping [39], this many-to-many mapping scheme employs features
of temporal correlation and dependency provided by the historical
and future measurements, which helps achieve better results. [40].
e Fine-tuning Model: As Fig.6 illustrated, the finetuning model is
similar to the pretraining model, but there are 2 main differences.
First, all parameters of AirBERT are frozen and only the decoder
is trained with limited ground truth from stations. Second, we
introduce a time-average operation in the decoder. To improve data
utilization, there is an overlap between 2 data samples. Thus, each
sensor measurement is updated multiple times. To estimate the gas
concentration at the sampling time #;, the time-average module
outputs the average of all estimated results updated for t; at each
time step, as the red block shown in Fig.6. The loss function is
defined as the MSE between estimated results and ground truth.
After training, the fine-tuned model can be deployed on board for
online air quality estimation.
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Figure 8: Sensing front-end with implementation for mobile air quality data collection.

Table 1: System parameters of MobiAir sensing front-end

Parameter Value Parameter Value
195.0x134.0 L
Volume %82.0mm?3 Humidity 5% ~ 90%
Mass 2500g Voltage DC9 ~ 36V
li
Temperature -20°C~60°C Sampling 0.3 ~1Hz
Frequency
Power Air Pump .
Consumption 1w Flow Rate 600ml/min
PM Chamber 77.2%67.2 CO Chamber  radius=10.3mm
Specification x34.0mm3> Specification  height=23.8mm
03/SO3/NO;  radius=16.3mm VOC Chamber radius=11.5mm
Chamber Size height=23.8mm  Specification  height=28.6mm

6 SENSING FRONT-END

To evaluate the effectiveness of the MobiAir, we delicately design
a Sensing Front-end to collect mobile air quality data under a high
sampling rate in the real world.

(1) Why do we design our Sensing Front-end? Most mobile moni-
tors lack specific structural optimization, which deteriorates their
sensing performance under high sampling rates. For example, Li-
belium [41], MSB [42], and Gotchall [43] expose sensors in the
air directly or just encapsulate sensors in a box. They lack solu-
tions to solve the gas-mixing challenge in high-mobility sensing.
Consequently, we design our own MobiAir sensing front-end. The
workflow and hardware implementation are shown in Fig.7 and
8(a). The sensing front-end has raised the sampling rate to 1Hz and
declined the cost to only about $0.5k. Additionally, the reserved
reaction chambers can support measuring multiple pollutants si-
multaneously.

(2)How does the Sensing Front-end work? The measurement pro-
cess encompasses four stages: air pump inhaling gas into reaction
chambers, gas diffusing into the EC sensor, gas reacting on the elec-
trode surface, and electric signals mapped into concentration values.
Initially, AR9331 sets the air pump flow rate to 600ml/min and the
sampling rate to 1Hz. The air pump sequentially draws external
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gas into each reaction chamber at a constant airflow. Subsequently,
gas molecules permeate the sensor due to the gas concentration
gradient. Then, gas molecules react on the electrode surface, gener-
ating analog electrical signals transmitted to the central processor.
The processor further de-noises and amplifies the electrical signal.
After mapping the signal into gas concentrations, the real value is
estimated online. All system parameters with specific settings of
the sensing front-end are detailed in Table 1.

In addition, the mechanical structure plays an important role in
sensing quality enhancement under high sampling rates. Specifi-
cally, compared to other devices, we consider both cavity size and
airflow path in structure design, as shown in Fig.8(b).

o Separate chamber design: We assign separate reaction chambers
for each gas and design the cavity size and shape for each sensor
encapsulation in the front-end, as the red regions shown in Fig.8(b).
Compared to devices putting all sensors in a common space, sepa-
rate chambers significantly diminish the gas-exchanging interval
which is a key component of diffusing time. This design helps alle-
viate the gas-mixing challenge at its source. Additionally, sealing
rings are also used to avoid sensing errors due to gas leakage.

o Air pump for active airflow: Airflow determines how fast gas
molecules traverse reaction chambers. Unstable airflow may change
the pressure in the device, causing errors in sensor measurements.
Passive airflow is susceptible to external environmental factors like
wind. Thus, we integrate an air pump to maintain a constant airflow
and stable pressure. As the blue arrows shown in Fig.8(b), after
inhaled from the external environment by the pump, air samples
flow sequentially through the six cascaded reaction chambers until
being discharged.

Our sensing front-end comprises a modular and detachable ar-
ray of gas sensors designed to monitor air quality. This system
quantifies six principal air pollutants, following emission source
guidelines established by the U.S. Environmental Protection Agency
(EPA) [44]. The sensing front-end assesses concentrations of Os,
SO3, and NO; via Alphasense electrochemical sensors (OX-B431,
SO2-B4, NO2-B43F) selected for their proven pre-calibration ac-
curacy and stability under diverse environmental conditions and
gas concentration variances. For PMy 5 and PM;¢ measurements,
we employ the Plantower PMS5003T sensor, which additionally
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Table 2: Sensor specifications of the MobiAir sensing front-end

Sensor Gas Type Noise Range Sensitivity Tested Top
PussoosT  PMasPM UIERECIIET oo g
OX-B431 O3 +15ppb 0-20ppm -225~-550nA/ppm at 1ppm O3 >60s
SO2-B4 SOz +5ppb 0-100ppm 275~475nA/ppm at 2ppm SO3 >80s
NO2-B43F NO; +15ppb 0-20ppm -175~-450nA/ppm at 2ppm NO, >40s
CiTiceL@4CM CO +4ppb 0-2000ppm 70+15nA/ppm >30s
MiniPID2PPB VOC - 0-40ppm >30mV/ppm >30s

provides ambient temperature and humidity data. The VOC levels
are monitored using the ION MiniPID2PPB sensor. The technical
details of these sensors are comprehensively listed in Table 2.

(3)How is the Sensing Front-end used? The sensing front-end is
typically mounted inside mobile vehicles (e.g.in the trunk or on
rear seats). To collect air samples with a steady airflow, two thin
flexible tubes are used to connect the device with the external
environment. Specifically, the two tubes are used for suction and
exhaust, respectively. One end of each tube is connected to the
air vent and the other end is secured to the outer surface of the
vehicle body through the window. In addition, the GPS locator can
be attached to the top of the vehicle by means of a magnetic device
to ensure the signal quality. After the sensing front-end process the
data collected in real time, these data will be transmitted back to the
cloud server via the cellular network for storage and easy access
for subsequent applications. As for regular maintenance, despite
the Air Quality Estimation Module, gas sensors are not immune to
signal drift after long periods of utilization. The gas sensors still
need to be re-calibrated annually in the laboratory.

7 EVALUATION & RESULTS
7.1 Data Collection

We collected fine-grained data in a representative international city
for over 1200 hours, covering various weather conditions across
four seasons, since most existing datasets typically only have hourly
measurements [40, 45-47]. Our sensing front-ends were deployed
on a fleet of 15 vehicles that traversed over 90% of diverse urban ar-
eas at speeds ranging from 30 to 120 km/h, covering an area of over
1000 km?. The collected data includes sampling time, positions, and
observations of volatile organic compounds (VOC) concentrations,
a common air pollutant associated with health risks.

Gas concentration observations consist of Sensor Measurements
and corresponding Reference Data (ground truth). The front-end col-
lected sensor measurements, while a mass spectrometer, as shown
in Fig9, was also deployed on the same vehicle. The mass spec-
trometer analyzes the composition and structure of substances by
measuring the mass-to-charge ratio of charged ions using electro-
magnetic and electric field effects. It provides quantitative fine-
grained reference data. We selected the SPI-MS-2000 due to its
ppb-level sensitivity to over 300 components, rapid response rate of
100 spectra/s, and meter-level spatial resolution. The SPI-MS-2000
exhibits high system stability, unaffected by temperature changes
or vehicle vibrations. Both our front-end and the mass spectrometer
operated at a sampling rate of 1Hz.
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Figure 9: Sensing front-ends and a mass spectrometer are
deployed on a mobile vehicle.

Fig.10 illustrates the spatial distribution of our collected data
across 4 months. The air quality data always have high coverage
and resolution during various collection periods. Statistically, the
overall data resolution can be up to 1729.08/(km? - h). The spatial
resolution could achieve up to 24.05m.

7.2 Experimental Methodology

7.2.1  Pre-processing. First, we calculate vehicular speed based on
the sampling interval and position changes. Next, input features
are scaled to [0,1]. We use a sliding window with a step size of
1 to create sequence samples, ensuring overlap between adjacent
samples for better learning of gas concentration variations. The
data is then divided into training (60%), validation (20%), and test
(20%) subsets. Within the training set, a small labeled subset (1%)
and a large unlabeled subset (99%) are created based on the labeling
rate. The unlabeled data is used for pre-training, enabling the model
to learn time- and spatial-invariant knowledge. The labeled data is
used for fine-tuning through supervised learning. The validation
set aids in model selection, and the trained model is evaluated on
the test set.

7.2.2  Training Details. The entire estimation module is imple-
mented in Python and PyTorch and trained in a server equipped
with 4 NVIDIA RTX A6000 GPUs, 48GB memory, and an Intel(R)
Core(TM) i7-11700 2.50 GHz CPU. We set 2 self-attention heads in
AirBERT, adopt 1 MLP layer with layer norm as the knowledge-
transfer-based predictor, and employ Adam optimizer to update the
parameters of the pre-train model. In the multi-spot masking policy,
the mask ratio, success probability, and mask probability are set to
0.15, 0.2, and 0.8. Moreover, the sequence length is set to 20. The
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MobiAir with the following SOTA methods.

(1)Naive: No estimation is performed. Raw sensor measurements

are reported as the estimated results.

(2)MLR [48]: MLR maps over two variables to a reference result,

which is widely used for sensor calibration.

(3)RF [39]: As a non-parametric estimation method, RF learns non-

linear functions for air pollution state estimation.

(4)SensorFormer(SF) [40]: As a sequence-to-sequence model, SF uses

both recent past and close future sensor data, which has been vali-

dated to surpass other methods, such as AirNet.

7.2.4  Evaluation Metric. Our final goal is to minimize the deviation

between the results of model estimation and the real concentrations

of air pollutants. Therefore, we adopt mean absolute error (MAE)

1 T

MAE=- ) |x-x|, (5)

for performance comparison. where 7 is the length of a test se-

quence. X and x represent estimated results and reference measure-

ments for the i-th element, respectively.

7.3 Sensing Front-end Validation
We first validate the performance of MobiAir sensing front-end in
air quality data collection. We deployed 2 front-ends with the same

configurations in the lab and on a moving vehicle sequentially for
in-lab static sensing and outdoor mobile sensing, respectively. In
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Figure 12: Estimation performance comparison of MobiAir
and baselines with 1Hz sampling rate, which is shown in
CDF. The labeling rate is 1%, which means only 1% of the
labeled data is used to train models.

particular, we set 3 VOC concentration levels for the in-lab test to
simulate the possible pollution levels in real environments. Fig.11
depicts the great consistency between 2 front-ends. Moreover, the
average relative error of the in-lab test is 0.04 which is rather low.
The detailed CDF is shown in Fig.2.

7.4 Overall Performance

Fig.12 illustrates the performance of the proposed MobiAir and
the other 3 baselines on VOC concentration estimation. The CDF
demonstrates the effectiveness of MobiAir which outperforms all
baselines. The average MAE of MobiAir is 6.06ug/m?, which re-
duces the error by 96.7% compared to the 185.22ug/m> of Naive.
MobiAir outperforms the SOTA method SF by 39.5%, exceeds RF by
61.5%, and surpasses MLR by 82.7%. The reason for such outstand-
ing results is that MobiAir can extract effective representation from
unlabeled data. Furthermore, we also examine the model effective-
ness under scenarios with various air pollutants under different
sampling and labeling rates, both of which are important factors in
the estimation performance.
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Figure 13: Estimation performance comparison of MobiAir and baselines under different sampling rates and labeling rates. Our
model can also be expanded to scenarios with multiple pollutants.
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Figure 14: Influence of pretrain encoders shown in CDF. The
labeling and sampling rates are 1% and 1Hz.

7.4.1  Effectiveness for various pollutants. We conduct extensive ex-
periments with measurements of 6 common air pollutants collected
by our sensing front-end to validate the performance of MobiAir
in complicated environments, namely PM; 5, PM1g, NO3, SOz, CO,
and O3, as shown in Fig.13(a). We scale all Naive MAE to 1 and use
the normalized MAE as the metric. As illustrated, MobiAir always
surpasses other baselines for all the pollutant types. Specifically,
MobiAir outperforms the SOTA SF by 34.4% for PMy 5, 42.4% for
PMyg, 65.6% for NO2, 67.9% for SO,, 56.1% for CO, 13.2% for Os.
However, compared to Naive, the performance gain of MobiAir for
other air pollutants is not as high as VOC. The reasons are 2-fold.
First, the Naive error depends on sensor sensitivity to pollutants
which varies with EC sensor types. Second, in addition to the gas
mixing error, the cross interference among pollutant types is an-
other factor causing measurement error which cannot be ignored.

7.4.2  Impact of Sampling Rate. We then verify the effectiveness of
MobiAir when the VOC concentration is sampled under different
data rates. The results are shown in Fig.13(b). As seen, MobiAir
always outperforms the other 3 baselines under all sampling rates.
Moreover, as the data sampling rate grows from 0.01Hz~1Hz, the
MAE of MobiAir increases from 6.91ug/m> to 9.51ug/m® and then
decreases again to 6.06pg/m>. The reason is as follows. When the
sampling rate is low, there is enough time for the gas sampled
at the previous moment to react completely inside the EC sensor
before the gas sample at the next moment enters the sensor. It
indicates a lower probability for gas samples to mix, which results
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Table 3: Performance comparison of MobiAir with various
fine-tune decoders, which is shown in MAE(ug/m®). The sam-
pling rate is 1Hz. LR means the labeling rate.

N 0.1% 05% 1% 2% 5%  10%
MobiAir | 770 6.08 6.06 583 5.59 675
AIBERT-GRU | 647 648 7.01 651 642 7.2
AUBERT-ATTN | 779 7.75 648 807 1008 841
AUBERT-LSTM | 8.60 647 648 647 648 6.49

in lower measurement error. When the sampling rate is high, the
effect of mixing gas samples from previous and future moments
inside the sensor is significant. However, a higher sampling rate
can provide a larger amount of data. MobiAir can learn more time-
and spatial-invariant knowledge from massive unlabeled data and
more labeled data can better fine-tune the model. In contrast, for
the sampling rate of 0.1Hz, MobiAir has no enough data to learn
to extract effective representations, which makes it hard to handle
the severe gas mixing error. In addition to MobiAir, RF and SF also
display a similar trend as shown in Fig.13(b).

7.4.3  Impact of Labeling Rate. We further examine the impact of
the labeling rate which determines the proportion of labeled and
unlabeled data to train MobiAir. As illustrated in Fig.13(c), when
the labeling rate decreases from 10%~0.1%, the MAE of MobiAir
increases from 5.84ug/m® to 8.69ug/m>. The other 3 baselines also
show a similar tendency. The result indicates that even though
pertaining with unlabeled data helps MobiAir learn and transfer
knowledge to extract effective representations, labeled data is still
essential for accurate estimation in a supervised manner. Moreover,
MobiAir consistently achieves better performances than other base-
lines under each labeling rate. In particular, the performance gain
is significant under low labeling rates.

7.5 Ablation Study

We then experimentally analyze some core components of MobiAir,
and particularly, the performance gains that each of them brings
into the overall system.
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7.5.1 Impact of Pre-train Encoder. In this part, we demonstrate
the proposed AirBERT model performs better than other pre-train
encoders in the estimation task. In this part of the experiment, we
compare the AirBERT framework with another 3 encoder struc-
tures, long short-term memory (LSTM) [49], Gated Recurrent Unit
(GRU) [50], and multilayer perception (MLP). As CDF illustrated in
Fig.14, MobiAir with AirBERT achieves lower estimation error than
other baselines. Specifically, AirBERT outperforms GRU by 13.4%,
surpasses LSTM by 64.8%, and exceeds MLP by 69.4% on average.
The delightful results lie in our in-depth study of non-stationary
and non-Markovian properties of sensor measurements which are
similar to human natural language. Moreover, the BERT-encoder-
based structure can better handle both properties and help MobiAir
extract more effective sequential representations.

7.5.2  Impact of Fine-tune Decoder. We also compare the estimation
performance with different fine-tune decoders in the supervised
learning phase. We change the MLP layers in MobiAir with an-
other 3 decoder structures, Gated Recurrent Unit (GRU), multi-head
attention (ATTN) [51], and long short term memory (LSTM). As
Table 3 shows, MobiAir with MLP achieves slightly enhanced esti-
mation performance for more than 5.4%, 21.7%, and 7.3% compared
to GRU, ATTN, and LSTM on average over all labeling rates, re-
spectively. Compared to the pre-train encoders, the performance
gain for the fine-tune decoder is not that significant. The result
indicates that the representation extraction is more important than
the representation-value mapping process. Better representations
can contribute to lower estimation errors.

7.6

To further explore the effectiveness of AirBERT in representation
extraction, we conduct micro-benchmark experiments to inspect
MobiAir and evaluate its sensitivity to various system settings in
the self-supervised training phase.

7.6.1 Impact of Sequence Length. To investigate the impact of se-
quence length on MobiAir’s performance, we conducted experi-
ments varying the length from 10 to 160. Fig.15 reveals that the
performance of all tested methods is not consistently related to
sequence length. This can be attributed to two reasons. Firstly,
longer sequences may increase model complexity, potentially lead-
ing to overfitting and higher estimation errors. Secondly, longer
sequences result in fewer labeled samples when ground truth is
limited, exacerbating the issue of label scarcity during supervised
training. As a result, longer sequences do not necessarily lead to
lower estimation errors for the tested models.

Micro-benchmark

and sampling rates are 1% and 1Hz.
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head 1 pays more attention to recent-past readings.
Table 4: Computation efficiency comparison of MobiAir and
baselines in 4 aspects.

Model Parameters Size Train Time Infer. Time
MobiAir 10.9K 56KB 13.7ms 44.9ms
SF 5.6K 35KB 7.5ms 110.4ms
RF 34K 388KB 32ms 1.7ms
MLR 0.003K 94KB 3.9ms 0.36ms
7.6.2  Impact of masking policy. We examine how MobiAir per-

forms on different masking policies. We change the masking ratios
(MR) rp, of the span masking policy from 0.1~0.4. rp, determines
the number of masked positions. The span mask with larger ry,
can mask more positions, which is more challenging. As shown in
Fig.16, span masking with a higher masking ratio obtains a lower
estimation error than the low masking ratio. This result suggests
that masking more positions may be more effective for representa-
tion learning from sensor measurements. The setting of r;, = 0.3
achieves the best overall performances and we adopt it in MobiAir.

7.6.3 Impact of Representation Dimension. We further study the
impact of the representation dimension (RD) on MobiAir perfor-
mance. The AiBERT generates representations after self-supervised
training. Multiple dimensions from 18~144 are applied and the es-
timation error is shown in Fig.16. In general, MAE decreases from
10.35ug/m3 to 7.10ug/m> and then increases again to 8.97ug/m> on
average when the dimension grows from 18 to 144. The reason
is as follows. The representation dimension is highly related to
the computation complexity of MobiAir. A larger representation
dimension can improve the fitting results of MobiAir but may lead
to over-fitting. It is a classical trade-off. The larger dimension value
also influences the efficiency of MobiAir on edge devices. We set
the representation dimension to 36, which can achieve the best
performance in our series of experiments. Thanks to the less com-
plexity of sensor measurements compared to human language, the
dimension here is much smaller than those in the original BERT
model. It reduces the model size significantly as well.

7.6.4  Attention Map Visualization. To understand MobiAir’s op-
eration, we analyze the attention maps of two heads in AirBERT.
Fig.17 shows that both heads focus on current sensor measurements.
Head 0 also considers nearby future readings, while Head 1 em-
phasizes recent past measurements. This indicates that leveraging
both recent past and close future sensor data during self-supervised
learning helps train an accurate and effective MobiAir model for
downstream estimation tasks.
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7.6.5 Computation Overhead. Compared to existing methods, Mo-
biAir offers advantages by being deployable on commercial edge
devices without significant resource requirements. Table 4 com-
pares MobiAir with baselines in terms of parameters, model size,
training time, and inference time. MobiAir can be continuously
trained in the cloud, allowing the edge device to focus on inference.
Despite longer training time due to pre-training, MobiAir achieves
faster inference than the SOTA SF method. Additionally, Mobi-
Air reduces model size thanks to its cross-layer parameter-sharing
mechanism. These results demonstrate MobiAir’s efficiency for real-
time estimation on edge devices with high sampling rates, with
manageable overhead for most mobile air quality sensing scenarios.

8 APPLICATIONS

Thanks to the outstanding performance of MobiAir, we develop
applications with the collected city-scale data. We introduce two
applications facing different users, as shown in Fig.18 and 19.

o Individual WebApp: Residents can access daily weather and AQIs
of the entire city from the Individual WebApp. These data help users
decide daily dress and whether it is suitable for travel. Additionally,
the air pollution distribution at the hundred-meter scale can also be
visualized. These data help citizens arrange travel routes effectively
to avoid high-pollution areas and improve their travel experience.
As of April 2023, Individual WebApp has accumulated 850 users.
o Power BI Platform: Regulators can obtain a city-scale heatmap
of air pollution through a BI visualization platform. The real-time
spatial distribution of major pollution sources is available to help
regulators infer the cause of pollution. There are mainly three pro-
cedures for source and causal prediction. First, we use the MobiAir
sensing front-ends deployed on vehicles to collect air pollution
concentrations at a certain sampling rate. Then, with the collected
data, we employ gaussian process regression (GPR) model to in-
fer the concentrations of uncovered positions and reconstruct the
continuous air pollution field. Finally, we take meteorological data
into consideration to infer and capture the air pollution source and
position. To ensure the precision of the inference process, we also
combine video streams from urban cameras. Fig.19 provides an
example. The red parts in the northern area refer to areas with high
O3 concentrations started from 11:00 on May 1st. Local camera
footage shows that non-standard construction is the main reason
causing air pollution.
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Figure 19: Application2: Power BI platform for city-scale
pollution sources monitoring,.

9 RELATED WORK

e Air quality sensing systems. Most air quality sensing systems
are designed for low-mobility carriers or static scenarios [52-54].
The deployment cost is high for the hundred-meter-level data gran-
ularity. Although many MCS systems with high-mobility sensors
have been proposed [13, 55, 56], significant deviations of sensor
measurements still exist. Taking Sniffer4D and Gotchall [43] as an
example, the hardware structure is not carefully designed and they
neglect the gas mixing effect under high sampling rates. Thus, more
elaborate cross-calibration is required.

e Air quality estimation methods. Existing estimation technolo-
gies can be categorized as model-based and learning-based methods.
However, a precise model for the defined problem is impossible to
obtain due to the stochasticity of individual drivers. Therefore, this
vitiates the Gaussian mixture model-based methods [57-59], non-
parametric methods [60, 61], and particle filter methods [56, 62].
Many promising learning-based methods were proposed recently
for air pollution estimation. These methods rely heavily on refer-
ence data from official stations [40, 47, 63]. However, the official
measurements are not representative due to the spatial sparsity,
leaving mobile sensors to perform without calibration. Thus, these
methods lack enough labeled data for supervised training.

10 CONCLUSION

In this paper, we propose MobiAir, the first city-scale fine-grained
air quality estimation system with mobile sensors of high sampling
rates. We first developed AirBERT to process the spatially mixed
gas measurements by feature extraction and mutual influence mod-
eling. We then designed a knowledge-informed training strategy
based on self-supervised learning to enable MobiAir for city-scale
deployment with limited labeled data. The system is deployed in
an international city for operation and the experiments show that
MobiAir reduces sensing errors by 96.7% with only 44.9ms latency,
outperforming the SOTA baseline by 39.5%. In the future, we plan
to extend MobiAir to MCS vehicles with higher mobility [64-66].
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