
Engineering Applications of Artificial Intelligence 128 (2024) 107591

A
0

Contents lists available at ScienceDirect

Engineering Applications of Artificial Intelligence

journal homepage: www.elsevier.com/locate/engappai

GAMMA: A universal model for calibrating sensory data of multiple low-cost
air monitoring devices
Anh Duy Nguyen a,1, Thu Hang Phung a,1, Thuy Dung Nguyen a, Huy Hieu Pham b,
Kien Nguyen c,d, Phi Le Nguyen a,∗

a School of Information and Communication Technology, Hanoi University of Science and Technology, Hanoi, Vietnam
b College of Engineering & Computer Science and VinUni-Illinois Smart Health Center, VinUniversity, Hanoi, Vietnam
c Institute for Advanced Academic Research, Chiba University, Chiba, Japan
d Graduate School of Engineering, Chiba University, Chiba, Japan

A R T I C L E I N F O

Keywords:
Smart cities
Air quality monitoring
Low-cost sensors
Calibration
AI
Multi-task learning

A B S T R A C T

Due to global air pollution, there is a growing demand for accurate and large-scale air quality monitoring
systems. Consequently, low-cost air monitoring devices have emerged as a potential alternative to expensive
conventional ones. However, the low-cost devices’ major drawback is their insufficient level of accuracy. This
work investigates the problem of calibrating the sensory data, especially PM2.5 concentration, collected by low-
cost sensor-based air quality monitoring devices. Recently, deep learning has emerged as a potential solution
for data calibration instead of using traditional methods, whose accuracy is relatively low. Nevertheless, it
generally incurs significant costs. Moreover, it is necessary to employ a dedicated calibration model for each
device to increase precision, resulting in additional expenditures. To address the issue, this study provides
a novel approach named GAMMA, which entails the development of a deep learning-based model capable
of accurately calibrating data for multiple devices simultaneously. The proposed method leverages the
multitask learning paradigm to solve the challenge of concurrently processing several devices’ data. This
involves capturing common features across all devices’ data while also distinguishing the device-specific
characteristics. Furthermore, GAMMA also employs the adversarial training approach to augment the accuracy
of predictions. This method has been implemented and integrated into an air quality monitoring system in
Hanoi, Vietnam. Comprehensive experiments are conducted on real-world data to demonstrate the superiority
of GAMMA against the comparison benchmarks in terms of various metrics. Notably, GAMMA reduces MAE
from 60.19% to 74.09% compared to the best comparison baseline. The source code is available at https:

//github.com/anhduy0911/FimiCalibIdea/tree/multi_attention.
1. Introduction

Rapid urbanization and industrialization, especially in developing
countries, have indisputably contributed to global air pollution, affect-
ing an estimated 96% of the world’s population living in regions where
air quality surpasses safe thresholds. According to the World Health
Organization (WHO), in 2016, air pollution was associated with 4.2
million annual mortality (11.6 percent of all deaths) (WHO, 2016). In
addition, it is claimed that air pollution is linked to acute and chronic
diseases, including cardiovascular diseases (Andersen et al., 2012b;
Goldberg, 2008), lung diseases (Andersen et al., 2012a; Gehring et al.,
2010), and numerous types of cancer (Sakhvidi et al., 2020; Bai et al.,
2020). In such a situation, air quality monitoring becomes essential.
Normally, air quality can be evaluated using a variety of common air
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quality measured quantities, which are particulate matter (PM), Carbon
monoxide (CO), Ozone (O3), Nitrogen dioxide (NO2), Sulfur dioxide
(SO2) (WHO, 2022). Among these, PM is a prevalent proxy pollutant,
with two frequent types PM2.5 and PM10 usually seen in many air
quality sensors. Traditionally, air quality monitoring is conducted by
a network of highly accurate monitoring stations following stringent
criteria (Kulmala, 2018; Lagerspetz et al., 2019). These monitoring
stations offer the remarkable advantage of exceptional precision. How-
ever, their installation and maintenance are extremely expensive, with
each station costing hundreds of thousands or even millions of dollars.
The high costs have impeded the widespread deployment of monitoring
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stations, leading to limited coverage in air quality monitoring. Conse-
quently, new technologies are necessary to provide spatial resolution
in air quality monitoring without sacrificing precision.

Recently, low-cost sensors have emerged as a potentially cost-
effective alternative, with sensors typically costing only a few thou-
sands to several tens of thousands of dollars. Numerous low-cost sensor-
based monitoring systems for air quality have been deployed (Liu
et al., 2020; deSouza et al., 2020; Motlagh et al., 2020; Idrees and
Zheng, 2020; Christakis et al., 2020; Migos et al., 2019; Moumtzidou
et al., 2016). Christakis et al. in Christakis et al. (2022) introduced
an open-source framework facilitating the monitoring of air quality,
which comprises low-cost air quality stations and an application server
for visualizing data. However, the major weakness of low-cost air
quality sensors lies in their low accuracy, making the data provided
by low-cost air quality sensors less reliable (Yadav et al., 2022; Dubey
et al., 2022). Patton et al. (2022) assert that data obtained from low-
cost sensors often indicates non-linear biases related to environmental
conditions that cannot be captured by linear models. Besides, low-
cost sensors provide less precise measurements compared to expensive
reference equipment, which is mainly due to their sensitivity to other
measured factors and their tendency to drift over time (Hofman et al.,
2022). Furthermore, it is well established that low-cost sensors tend
to overestimate PM2.5 and PM10. Specifically, as demonstrated in the
evaluation conducted by Sayahi et al. (2019), two types of PM sensors
(PM 1003s and PM 5003) overestimated PM2.5 by factors of 1.89 and
1.47, respectively. Similarly, this overestimation exceeds a factor of
1.5 for PM10 (Carratù et al., 2020). Therefore, sensory data calibration
s indispensable to enhancing the reliability of low-cost sensor-based
ir quality monitoring systems. In the literature, numerous calibration
ethods have been proposed, which can be classified into two main

ategories: hardware- and software-based approaches (Maag et al.,
018; Chattopadhyay et al., 2022; De Vito et al., 2020). This study
ocuses on the software-based calibration approach. The software-based
ethodology involves the utilization of sensory data that requires

djustment. This data is subsequently subjected to a calibration algo-
ithm, which generates the corrected data. To accomplish this task,
he calibration algorithm often utilizes data acquired from a reference
evice and strives to manipulate the sensory data to align more closely
ith the data generated by the reference device (Aula et al., 2022).
alibration algorithms can be classified into two main categories:
raditional methods that utilize probabilistic (Saukh et al., 2015; Liu
t al., 2021b) or machine learning techniques (Cordero et al., 2018; Hu
t al., 2017; Liu et al., 2021a; Zimmerman et al., 2018; Johnson et al.,
018; Kumar and Sahu, 2021), and deep learning-based methods that
everage deep neural networks (Yu et al., 2020a,b; Wang et al., 2017;
hatnagar et al., 2022; Loy-Benitez et al., 2020).

The traditional calibration approach usually leverages well-known
achine learning techniques such as Autoregressive Moving Average

ARMA), k-nearest Neighbour (kNN), Random Forest (RF), and Gradi-
nt Boosting (GB). The authors in Tancev and Toro (2022) exploited
ariational Bayesian linear regression and variational Bayesian neu-
al networks to correct the sensory data obtained from low-cost gas
ensors. The authors utilized a nonlinear multivariate field calibration
odel in their study (Hofman et al., 2022) to tackle the issue of distant

alibration. Instead of employing a reference device placed precisely
t the same location as the target sensor, this methodology involves
athering historical data from several regulatory monitoring stations
nd employing it for calibration. Patton et al. (2022) employed proba-
ilistic Gradient Boosted Decision Tree (GBDT) to construct direct field-
alibration models, thereby obviating the necessity for labor-intensive
aboratory calibration. Although basic machine learning methods are
idely used because of their simplicity, they suffer from several weak-
esses, including the inability to model complex relationships between
eatures (for instance, linear regression fails to capture non-linear cor-
elation); and the sensitivity to model parameters (e.g., Support Vector
2

achine (SVR) is very kernel-sensitive). In recent years, deep learning
models have attracted attention and recognition for their ability to
effectively capture intricate and non-linear relationships. Hence, the
utilization of deep learning-based calibration presents a promising
prospect for attaining accurate calibration of sensory data. Despite its
potential, the utilization of deep learning in the calibration of sensory
data is still at an early stage, with limited research available in the
academic literature. Yousuf et al. in Hashmy et al. (2023) utilized Deep
Neural Networks (DNNs) to calibrate several air quality indicators,
including CO, SO2, NO2, O3, PM1.0, PM2.5, and PM10. Additionally,
a comparative analysis was performed to evaluate the effectiveness of
Deep Neural Networks (DNN) in comparison to various machine learn-
ing techniques, including Support Vector Regression (SVR), Random
Forest (RF), K-Nearest Neighbors (KNN), and Linear Regression. In ad-
dition, the k-fold cross-validation method was employed to determine
the optimal number of hidden layers and the corresponding number
of perceptrons within each layer. In Liu et al. (2022), the authors
leveraged meta-learning and few-shot learning techniques to tackle the
data scarcity and multi-condition challenges in the sensory data calibra-
tion problem. Specifically, the historical data is employed to formulate
several tasks corresponding to various conditions. Then, meta-learning
is utilized to train a base model capable of quickly adapting to unknown
conditions. The authors in Li et al. (2023) proposed a Variational
Bayesian Blind Calibration algorithm to address the shortage of real
data.

Despite attracting significant attention, sensory data calibration still
remains an open issue. One of the most difficult challenges pertains to
the fact that existing calibration methods are device-specific, i.e., each
calibration algorithm is tailored to optimize for a particular device’s
data. The reason for this approach is that the data on each device is
highly device-dependent; thus, a model trained for one device cannot
calibrate data from other devices, as demonstrated in Fig. A.8 and
Table A.10. This certainly cannot guarantee the scalability of the
system when hundreds of devices are deployed on a broad scale. Then,
ensuring both scalability and precision in calibrating sensory data is a
critical challenge.

In this work, we aim to propose a universal calibration model
that can effectively calibrate sensory data from various sensors. To
accomplish this goal, it is crucial to incorporate two essential elements:
(1) the identification of shared characteristics presenting in the sensory
data from all sensors, which will be utilized in the calibration procedure
for all sensors’ data, and (2) the determination of unique features in the
sensory data from each device, which will be employed to calibrate
each device separately. This research proposes a novel deep learning-
based approach named GAMMA (stands for Generative Adversarial
Multitask Learning-based Multi-CAlibration), which fulfills the two
criteria mentioned above. Fig. 1 illustrates the overview of GAMMA,
which leverages the advantages of multitask learning and generative
adversarial network (GAN) techniques. The multitask learning tech-
nique enables the performance of many tasks simultaneously, with
each task responsible for the calibration of one device. The proposed
multitask learning framework is built upon the following three funda-
mental principles. The first one is the extraction of common properties
across all devices using a shared layer. Simultaneously, the attention
mechanism is leveraged to identify inter-device correlations, thereby
emphasizing the most critical relationships. Finally, separate prediction
heads are assigned to each device to ensure accurate prediction results.
In addition to multitask learning, the GAN technique is employed for
deeper data calibration. The GAN architecture comprises a generator
and a discriminator. The generator receives sensory data as input
and attempts to produce calibrated signals that are as similar to the
reference data as possible. Whereas the discriminator is trained to
distinguish between the calibrated data generated by the generator and
the ground truth. By utilizing such an adversarial training strategy, the
generator will gradually generate calibrated data that resembles the
reference data.
The main contributions of the research are as follows.
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Fig. 1. Simplified view of the GAN-based GAMMA framework.
The framework comprises two major blocks: the Generator and the Discriminator. The former is responsible for generating calibration data, while the discriminator is in charge

of distinguishing between the ground truth and the calibrated time series.
• In this work, for the first time, a simultaneous multi-station
air-quality data calibration for various measured quantities is
introduced.

• GAMMA, a novel deep learning-based approach, is proposed to
simultaneously calibrate multiple air quality quantities acquired
by multiple low-cost sensors. This model utilizes the benefits of
multitask learning and GAN approaches, where multitask learning
is responsible for handling multiple tasks, while GAN contributes
to improving calibration precision.

• A large number of actual sensors are implemented, and com-
prehensive experiments are conducted in real-world settings in
order to evaluate the performance of GAMMA and compare it
to the existing literature. The experimental results demonstrate
that the proposed method surpassed state-of-the-art approaches.
In particular, GAMMA reduces the calibration error by 60.19% to
74.09% in terms of the mean absolute error (MAE) metric when
compared to the best competitor approach.

It is worth noting that this research does not aim to propose a solution
for substituting sparse ground observations. It instead focuses on cali-
brating inaccurate sensory data. The proposed method can be applied
to any sensor-based air quality monitoring device. As previously stated,
the calibration of sensory data necessitates the utilization of precise
data acquired from reference equipment. Therefore, before delving
into the details of the proposed approach, we will describe a low-cost
sensor-based air quality monitoring system as well as the reference
device from which we obtained the data. The remainder of the paper is
organized as follows. Section 2 presents the infrastructure of the low-
cost sensor-based air quality monitoring system. The specifics of our
proposed calibration approach are explained in Section 3. Section 4
depicts the experimental results. Finally, the conclusion and potential
future directions are discussed in Section 8.

2. A low-cost sensor-based air quality monitoring system

In this study, we obtain sensory data from devices from a so-called
Fi-Mi project. Therefore, in the following, we will give a brief introduc-
tion to Fi-Mi and the details of sensor-based air monitoring devices used
in Fi-Mi in Sections 2.1 and 2.2, respectively. After that, we present the
details of the reference instrument in Section 2.3. Finally, we describe
our process to collect data and a statistical analysis concerning the
collected data in Section 2.4.

2.1. System overview

Fi-Mi is a low-cost sensor-based air quality monitoring system im-
plemented in Hanoi, Vietnam. In Fi-Mi, the devices are positioned
on mobile buses and periodically transmit the collected data to the
back-end service for the purpose of data processing and filtering. The
3

collected data is subsequently calibrated in order to minimize discrep-
ancies with the use of reference devices and is then stored for future
predictive purposes. Fi-Mi system consists of three layers as follows.

• Sensing layer: This is the lowest layer, which comprises low-cost
air quality monitoring devices; each is called a Fi-Mi device and
is equipped with several sensors capable of gathering air quality
and meteorological data. Each Fi-Mi device consists of four main
components, namely sensors, Micro Control Unit (MCU), Global
Positioning System (GPS) Unit, and communication modules. The
system utilizes sensors of Wisen and Alphasense, MCU of ST Mi-
croelectronics, GPS unit of SimCom, and communication modules
of Espressif Systems.

• Data acquisition layer: This layer is responsible for transferring
data from the monitoring devices to the servers, as well as pre-
processing and calibrating that data. Once collected from the
Fi-Mi devices, the data undergoes preprocessing, which involves
tasks such as noise filtering and format adjustments. In essence,
this preprocessing phase refines the raw data obtained from low-
cost devices, which is initially minimally processed, including
noise filtering and outlier removal. After that, the preprocessed
data needs to be passed through a calibration model with the
objective of aligning the calibrated data as closely as possible
with measurements obtained from the reference instrument at
the same location. In particular, deep learning is employed to
calibrate the data before storing it for further prediction.

• Data visualization layer: This layer is a web application (http://
demo.fi-mi.vn/app) that provides real-time air quality measured
quantities to the end-users (as illustrated in Fig. A.9).

Prior to implementing low-cost devices into the bus system, it is
critical to establish an effective methodology for accurately calibrating
the data collected by those devices. From that motivation, this research
was conducted in a laboratory to provide reliable multi-device sensory
data calibration using only one model. The calibration process carried
out involves the participation of five Fi-Mi devices and a reference
instrument acting as the ground-truth for the model. These devices are
placed in the same monitoring location in Hanoi, Vietnam, which will
be described in detail in Section 2.3. The following section provides a
comprehensive description of the design of each Fi-Mi device, followed
by the introduction of the reference device intended for the calibration
of Fi-Mi devices. Subsequently, the analysis of the data collected from
all low-cost devices and the reference instrument is presented.

2.2. Air quality monitoring devices

Figs. 2(a) and 2(b) depict the design and real implementation of
a Fi-Mi device, respectively. The Fi-Mi device consists of four compo-
nents: a sensor block, a power supply, a microcontroller unit (MCU),

http://demo.fi-mi.vn/app
http://demo.fi-mi.vn/app
http://demo.fi-mi.vn/app
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Fig. 2. Block diagram (a) and capture of a Fi-Mi device’s real implementation (b).
A Fi-Mi device comprises four main components: a sensor block, a power supply, a microcontroller unit (MCU), and a communication block. The air-quality information collected
by sensors is exchanged through an MCU (Micro Control Unit). The communication is performed over LTE-4G or Wi-Fi. The power supplier provides all other components with

their energy demands.
and a communication block. The device’s components originate from
numerous manufacturers. The MCU is supplied by ST Microelectronics,
while the power supply is provided by Analog Devices. The sensors
were developed by Wisen and Alphasense. The Wi-Fi module is pro-
duced by Espressif Systems. Lastly, the LTE and GPS components are
supplied by SimCom. Among these elements, the sensor block consists
of two main elements: the air chamber and the pump. This pump is
attached to the door of the air room and circulates the atmosphere
within the room, while the air chamber receives the ambient air from
the pump and processes the data using various small instruments.
There are five sensors that measure the density of Sulfur dioxide
(SO2), Carbon monoxide (CO), Ozone (O3), PMx (i.e., PM1, PM2.5,
and PM10), temperature, and humidity. The data measured by each
sensor is stored separately, allowing for the direct extraction of PM2.5-
related information from the data provided by the PM2.5 sensor. Those
sensors are set up according to the WHO Global Air Quality Guidelines
on thresholds for key air pollutants, which are applied worldwide
for outdoor environments (WHO, 2022). The measurement ranges of
each air quality index and meteorological quantity are demonstrated
in Table 1.

The microcontroller unit in the Fi-Mi device is the STM32F103C6T8
MCU. There are several exchange protocols utilized by this commu-
nication, which include Universal Asynchronous Receiver/Transmitter
(UART), I2C, and Serial Peripheral Interface (SPI). The periphery list
and the associated protocols are summarized in Table 2. Among these
protocols, SPI is not demonstrated in Fig. 2(a) since it represents the
communication standard between the MCU and the external memory.

The Fi-Mi communication block is developed to accommodate two
prevalent wireless technologies (i.e., Wi-Fi and 4G Long Term Evolu-
tion (LTE)), and the Global Positioning System (GPS). For the Wi-Fi
connection, the equipment employs the microcontroller ESP32 with
embedded Wi-Fi. Besides, the Fi-Mi gadget utilizes the multifunctional
module for 4G (LTE) and GPS. Due to the low-cost advantage, Wi-Fi is
prioritized over LTE communication. Therefore, when the device needs
to transmit data, it first verifies if the Wi-Fi connection is accessible or
not. If yes, the data will be transferred over Wi-Fi; otherwise, the 4G
(LTE) connection will be utilized.

The device’s power management unit is the IC LTC4162, which
operates in two modes: normal mode and sleep mode. When Fi-Mi’s
power falls below the predefined threshold, it enters sleep mode so
as to conserve energy. There are three types of direct current (DC)
supply voltages: 5 V for the sensor block, 4.2 V for the 4G (LTE)
communication module, and the same potential of 3.3 V for both the
MCU module and Wi-Fi module. To provide those components with
their power demand, the Fi-Mi device might derive energy from three
possible resources: a rechargeable 3.7 V 4000 mAh battery, a solar
panel, and the associated vehicle’s accumulator (see Fig. 3).
4

Table 1
The measurement ranges of the sensors.

Sensor Range Unit

PMx.x ZH-03B 0 to 1000 μg/m3

SO2 ZE-12 0 to 2 ppm
CO ZE-15 0 to 500 ppm
O3 ZE-25 0 to 10 ppm
Temperature SHT21 −40 to 125 ◦C
Humidity SHT21 0 to 100 %𝑅𝐻

Table 2
The communication interfaces of the MCU and Peripheral devices.

Peripheral Function Communication

SIM7600CE 4G (LTE) UART

ESP32 Wi-Fi UART

ZE-12 SO2 sensor UART

ZE-25 O3 sensor UART

ZH-03B Particulate matter sensor UART

SD card External memory SPI

SHT21 Temperature and I2C
humidity sensor

LTC4162 Power management I2C

2.3. Reference instrument

This work utilizes a highly accurate air quality monitoring device,
GRIMM 107 (GRIMMTechnologies Inc., 2005), located in Hanoi, Viet-
nam, as the reference monitoring station. GRIMM 107 is a monitoring
instrument that measures fine-grained air pollution indices (i.e., PM1,
PM2.5, and PM10). GRIMM 107 employs a flow-controlled pump to get
a continuous air sample. The measurement of particles is conducted
using the physical principle of orthogonal light scattering. It provides
online readings (set at 1-min intervals in this study, which is equivalent
to the sampling rate of 1 ∶ 60 Hz.) and is hence useful to compare
with low-cost sensor data of the same temporal resolution. For this
reason, GRIMMs are usually used in similar calibration exercises (Wang
et al., 2020). The reference device is located at the Center for Envi-
ronmental Monitoring, which belongs to Hanoi University of Science
and Technology, on the rooftop of a three-storey building named C5.
The monitoring station’s location is illustrated in Fig. 3(c). This station
is 10 meters above the ground and located adjacent to Giai Phong
Street, one of Hanoi’s arterial roads. The street is lined with numerous
apartment buildings, hospitals, and universities. This street is traversed
daily by various vehicles, including cars, buses, and trucks, resulting
in frequent air pollution. This study focuses on calibrating PM2.5 and
PM10, two of the most critical pollution measured quantities affecting
humans significantly (Zhang et al., 2022; Baron, 2022). Accordingly,
PM2.5 and PM10 indices monitored by GRIMM 107 are extracted and
employed as the ground truth of the calibration model.
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Fig. 3. The reference instrument (GRIMM 107), Fi-Mi devices, and their locations. The reference instrument and Fi-Mi devices are located at the same location.
Fig. 4. Flowchart of the proposed model.
Data collected from Fi-Mi devices is filtered to remove noisy instances and then passed through the GAMMA model to get calibrated sensory data.
Given the reference instrument GRIMM 107 and the low-cost Fi-
Mi devices (as presented in Fig. 3(a) and Fig. 3(b)), Fig. 4 illustrates
the flowchart of GAMMA regarding the training phase and prediction
phase, outlining the procedure for transforming raw sensory input into
calibrated data.

2.4. Data collection and analysis

The data was gathered using five Fi-Mi devices and the reference
instrument, which are located at the same monitoring location as
mentioned before, from February 11, 2022, to February 22, 2022. Each
Fi-Mi device has a sampling rate of 1 ∶ 10 Hz, whereas the sampling
rate for GRIMM 107 is 1 ∶ 60 Hz. Due to the varying time resolutions
between the measurements of Fi-Mi devices and the reference equip-
ment, the data is integrated and averaged every minute in order to
construct a synchronized database. Specifically, the final value for a
minute is calculated by averaging the sensory data values from low-
cost devices over the same minute of time. This synchronized database
can be accessed through (Anon, 2023). Hence, it can be inferred that
within a time interval of one minute, a data point is obtained from each
device, which is relevant to a sampling rate of 1 ∶ 60 Hz.
5

There were several minor data gaps in the measurements of Fi-
Mi devices and the reference instrument. To detect the anomaly in
the dataset, exponentially weighted moving average (EWMA) (Hunter,
1986) is employed as the anomaly detection module. Due to technical
issues with data acquisition, sensor measurements, and communication
interruptions, the missing data could not be recovered. From the total
data points, the longest consecutive missing data is 7.24%, therefore,
this anomaly is deleted from the dataset. For example, if data from time
step 𝑡 is removed, then data from time step 𝑡 − 1 and time step 𝑡 + 1
are concatenated. Moreover, the same time step 𝑡 in the reference data
is also removed to ensure that the input has the same dimension as
the ground-truth. As a result, a dataset of 11030 preprocessed samples
is acquired, each sample encompasses various air quality and mete-
orological features, such as PM2.5, PM10, humidity, and temperature.
In comparison to previous studies conducted on the same subject, the
quantity of data available can be considered sufficiently reliable. For
instance, Loy-Benitez et al. (2020) uses a dataset containing only 716
samples collected over a month at an hourly resolution. Additionally,
two other datasets consisting of 7674 and 7753 instances, respectively,
with each instance representing a one-hour time period, are chosen
in Yu et al. (2020a).
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Table 3
The performance of Fi-Mi devices against the reference instrument before calibration.

Feature Metrics Fi-Mi #1 Fi-Mi #2 Fi-Mi #3 Fi-Mi #4 Fi-Mi #5

PM2.5

MAE 21.47 17.94 21.76 22.50 18.68
RMSE 27.23 23.78 28.41 29.73 23.69
R2 −0.46 −0.11 −0.59 −0.74 −0.10

PM10

MAE 25.37 23.37 26.00 27.37 22.89
RMSE 32.47 30.63 33.97 35.92 29.17
R2 −0.48 −0.32 −0.62 −0.81 −0.20
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The statistical analysis is performed concerning the two measured
uantities, namely PM2.5 and PM10. An adequate calibration model can

be created using the data preprocessed by the procedure described in
the previous section and the insights obtained from the analysis. In
the following, an exploratory data analysis was conducted using sen-
sory data from Fi-Mi devices and a reference instrument. The analysis
involved several metric computations and the generation of histograms
and correlation graphs (see Appendix A for graphic information).

There are three analysis metrics considered in this section: Mean
Absolute Error (MAE), Root Mean Squared Error (RMSE), and R2 Score
(R2). MAE and RMSE are utilized to determine the precise difference,
while R2 is used to compare the trends of various devices. Performance
of Fi-Mi devices before calibration is illustrated in Table 3. These
statistical results validate the correlation between the reference device
and Fi-Mi devices. Specifically, Fi-Mi #2 and Fi-Mi #5 are the most
similar devices to GRIMM 107 with RMSE values of 23.78 and 23.69
concerning PM2.5, respectively. Regarding the MAE metric, Fi-Mi #2
has the most similar data to the reference data, which possesses the
MAE of 17.94 concerning PM2.5 and 23.4 for PM10. This observation
also holds when considering the RMSE error. Notably, R2 scores are
negative in all cases. This phenomenon indicates that the preprocessed
data from Fi-Mi devices does not follow the trend of the reference one.

3. GAMMA: Generative adversarial multitask learning-based
multiple calibration

In this section, first, an explicit mathematical formulation of the
problem is provided in Section 3.1. Next, the overview of the pro-
posed sensory data calibration method, named GAMA, is introduced
in Section 3.2. As GAMMA is based on the GAN structure, it consists
of three major components: the Generator, the Discriminator, and the
Loss function. These components are described in Sections Section 3.3,
3.4, and 3.5, respectively.

3.1. Problem formulation

Let 𝑆1,… , 𝑆𝑛 be the 𝑛 low-cost air quality monitoring devices. For
ach device 𝑆𝑖 (𝑖 = 1,… , 𝑛), the vector 𝑥(𝑖)𝑡 represents sensory air quality

and meteorology measured quantities collected by 𝑆𝑖 at time step 𝑡.
Given the sensory data collected by 𝑛 devices in 𝑚 time steps (denoted
as 𝐱(𝑖) collected by 𝑆𝑖), along with the data gathered by the reference
instrument at the same time and location (denoted as 𝐲), the objective
is to adjust the sensory data to maximize its similarity to the reference
data. Below is the mathematical formulation.

Input:

𝐱(𝑖) = {𝑥(𝑖)𝑗 , 𝑥(𝑖)𝑗+1,… , 𝑥(𝑖)𝑗+𝑚−1}, (𝑖 = 1,… , 𝑛; 𝑗 ≥ 0)

𝐲 = {𝑦𝑗 , 𝑦𝑗+1,… , 𝑦𝑗+𝑚−1},

Output:

𝐲̃(𝑖) = 𝑓 (𝐱(𝑖))

= {𝑦̃(𝑖)𝑗+𝑚−𝑞 , 𝑦̃
(𝑖)
𝑗+𝑚−𝑞+1,… , 𝑦̃(𝑖)𝑗+𝑚−1},

Objective function:

 =
𝑛
∑

𝑙(𝐲, 𝐲̃(𝑖)),
6

𝑖=1
g

where 𝑞 is the length of the calibrated output series, and 𝑙 Note that
the length of the output could be any positive integer as long as it does
not exceed the length of the input sequence, 𝑚.

3.2. Overview of GAMMA

This section will begin with an introduction of the motivation and
intuition behind the framework, followed by the details of the proposed
training procedure and loss function.

Motivation. Data calibration can be considered a conventional regres-
sion task with sensory data as input and calibrated data as output. For
such a task, a common approach is to construct a model that provides
the exact calibrated data, which is as close to the ground truth as pos-
sible. However, it is observable that the measurement errors induced
by low-cost sensors exhibit significant fluctuations. These constraints
make the calibration task more challenging, leading to substantial
variations in calibration accuracy. To this end, instead of following
the traditional approach, which offers the calibration results directly,
this work instead employs a novel approach that aims at predicting
the distribution of the calibration results. Formally, the objective now
shifts towards modeling 𝑃 (𝐲̃|𝐱), the probability distribution for 𝐲̃, given
he raw sensory data 𝐱 = {𝑥𝑖, 𝑥𝑖+1,… , 𝑥𝑖+𝑚−1} Given the projected

distribution, calibrated data can be generated using the mean, and
the model’s confidence can be approximated through the distribution’s
variance. This probabilistic prediction technique aligns well with the
constructed real-time air quality monitoring system, allowing for the
assessment of system reliability and the subsequent design of a suitable
continual learning strategy.

Model architecture. Inspired by Conditional GAN (CGAN) (Mirza
and Osindero, 2014), the novel calibration framework GAMMA is
introduced that (1) leverages the idea of probabilistic distribution
prediction to learn the underlying probability distribution of the in-
put data (i.e., the sensory data) and generate samples following the
desired distribution (i.e., the calibrated time series); and (2) employs
the adversarial training paradigm to train the calibrator. GAMMA
consists of two major components: the Generator and the Discrimi-
nator. The Generator functions intuitively as the calibrator, receiving
sensory data and random noise to produce a calibrated time series.
In this work, Gaussian noise following the distribution of  (0, 1) is
mployed. Specifically, instead of producing a single calibrated time
eries for each sensory data input, a multitude of random noises are
enerated and applied to produce diverse calibrated time series. This
pproach facilitates the capture of the underlying distribution of the
utput. The mean of this distribution is then utilized as the final output
or calibration. The Discriminator is employed to distinguish between
ounterfeit (i.e., calibrated data) and legitimate (i.e., the ground truth
rovided by the reference instrument) data. While the Generator is
rained to produce calibrated time series that resemble the ground truth
s closely as possible, the Discriminator considers the ground truth to
e authentic samples and attempts to separate them from the others.
y training the Discriminator and Generator in such an adversarial
anner, the Generator eventually acquires the ability to deceive

he Discriminator. This is achieved when the calibrated time series

enerated by the Generator exhibits a close resemblance to that of the
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reference instrument. Fig. A.10 depicts the detailed overall architecture
of GAMMA.

Training strategy. Because of the MinMax optimization problem,
AN-based frameworks are known for their unstable training proce-
ure (Goodfellow et al., 2016; Metz et al., 2016; Gong et al., 2019; Chu
t al., 2020). Given the opposing optimization goals of the Generator
nd Discriminator, the prevention of model collapse during the training
hase necessitates the implementation of a robust training approach.
n light of this, a two-stage training approach is proposed as follows.
he training phase of the framework commences without introducing
oise into the generator. In this manner, the training process becomes
ore stable and straightforward. After the training, only the layers

hat are directly related to the noise input in the second stage are
eplaced. This soft-mapping procedure can be regarded as a warm-
p step whose trained weights are subsequently utilized in the second
tage to initialize the model. During the second phase, transfer learning
s applied to the complete GAMMA framework, involving the utilization
f random noise in the generator. Furthermore, acknowledging the
iscrepancy in convergence rates between the training of the Generator
nd Discriminator, the Discriminator is trained 𝑘 times more frequently

than the Generator within each epoch. This 𝑘 is a hyperparameter that
should be tuned. Finally, instead of presenting the Discriminator with
the calibrated data generated by the Generator, a mixed time series is
constructed. This mixed series is created by concatenating segments of
the calibrated time series with other segments of the ground truth data.
These interleaved time series are regarded as counterfeits and must be
identified by the Discriminator. The training approach is specified by
the Algorithm 1.

3.3. Multitask learning-based generator

In the literature, several multitask learning approaches have been
introduced. However, because these methods are designed for general
purposes, they are not optimal for the problem under consideration.
Therefore, this study leverages the main idea of the multitask paradigm
and designs a multitask learning-based generator tailored to the prob-
lem. In this work, for the first time, a simultaneous multi-station
air-quality data calibration for various measured quantities is intro-
duced. Moreover, the proposed multitask learning model is optimized
for capturing the sensory data’s characteristics. Due to the fact that the
data for the tasks is measured by Fi-Mi devices of the same design, they
possess both shared and device-specific characteristics. Consequently,
the Generator component consists of a shared feature extractor and
a device-specific feature extractor. The former helps extract generic
information from the data of all devices, while the latter is responsible
for capturing device-specific data. In addition, the proposed method
also utilizes the attention mechanism to improve the model’s precision.

This section begins with an overview of the Generator, followed by
an explanation of each module’s details.

3.3.1. Overview
The Generator comprises two modules, namely the Shared feature

extractor and Device-specific feature extractor as depicted in Fig. 5. The
former, which consists of several LSTM layers, is responsible for iden-
tifying shared characteristics among all devices. In the latter, a Device
Identification module is employed to determine each device’s identity.
This block’s output is then combined with the features generated by
the Shared feature extractor and passed into the Inter-device Attention
block to generate context vectors corresponding to the devices. Addi-
tionally, an Intra-device Attention mechanism is developed to capture
the inherent correlations within the time series of each device. This
7

mechanism is accountable for highlighting the most important features.
3.3.2. Shared feature extractor
The Shared Feature Extractor is responsible for extracting all de-

vices’ shared characteristics. To do this, a single LSTM layer is deployed
to receive and process input data from all devices. The key idea behind
GAMMA is that, instead of independently training 𝑛 LSTM layers for all
devices under investigation, the gate outputs of the single LSTM layer
are merged and applied to the input of every device during each time
step. This combination generates unified gates that incorporate infor-
mation from all devices. With this idea, a substantial reduction in the
number of parameters to be learned by GAMMA is achieved. Moreover,
a novel module capable of extracting the most representative, device-
unspecific features from the time series is also being developed. Let
𝑓 (𝑡)
𝑘 , 𝑖(𝑡)𝑘 , and 𝑜(𝑡)𝑘 be the Forget, Input, and Output gates of the 𝑘th LSTM

layer at time step 𝑡 (𝑡 = 1,… , 𝑚), then the 𝑓 (𝑡)
𝑘 , 𝑖(𝑡)𝑘 and 𝑜(𝑡)𝑘 (𝑘 = 1,… , 𝑛) is

integrated by a fully connected (FC) layer to produce new gates 𝑓 (𝑡)′
𝑘 , 𝑖(𝑡)

′

𝑘
and 𝑜(𝑡)

′

𝑘 , which are then put back into the corresponding LSTM layer.
This mechanism allows the information extracted from the time series
of a device to spread over the entire shared LSTM layer and affect
other devices’ output presentations, thereby enriching the information
used in calibrating each device. Moreover, as the combined gates are
constructed by fusing the gate outputs of the shared LSTM layer, these
gate outputs are trained using data from all devices, allowing the
extraction of general features shared by all devices. The mathematical
formulation for each time step 𝑡 in the Shared Feature Extractor can be
expressed as follows.

𝑓 (𝑡)′
𝑘 = 𝜎𝑓

(

𝑓 (𝑡)
1 , 𝑓 (𝑡)

2 ,… , 𝑓 (𝑡)
𝑛

)

,

𝑖(𝑡)
′

𝑘 = 𝜎𝑖
(

𝑖(𝑡)1 , 𝑖(𝑡)2 ,… , 𝑖(𝑡)𝑛
)

,

𝑜(𝑡)
′

𝑘 = 𝜎𝑜
(

𝑜(𝑡)1 , 𝑜(𝑡)2 ,… , 𝑜(𝑡)𝑛
)

.

(1)

In Eq. (1), 𝜎 denotes a fully connected layer, which takes all devices’
gates as its input and produces all devices’ modified gates. The adjusted
gates are then fed back into the original LSTM cell to calculate the
subsequent timesteps. Fig. 5 depicts the roll-out view of this module,
allowing for a better observation of its inner workings.

3.3.3. Device-specific feature extractor
This module is in charge of extracting specific features regarding

each device. It includes the Device Identification Module, Intra-device
Attention, and Inter-device Attention blocks. The Device identification
module emphasizes the most identifying characteristics that assist in
distinguishing each device from the others. In the meantime, the two
attention blocks (i.e., intra-device and inter-device attentions) model
correlation within the time series of each device and across devices,
highlighting the essential components and boosting the calibration
accuracy.

Device Identification. One common architectural design in multi-task
learning is to use a multi-stream approach (Duong et al., 2015)(Yang
and Hospedales, 2016), in which multiple independent blocks are intro-
duced, each extracting individual information concerning a particular
task. However, this strategy will result in a linear expansion of model
parameter size as the number of tasks increases. In this paper, an
alternative approach involves the utilization of a device-specific feature
extractor block to extract information specific to every device. To this
end, the device Identification module acts as an identifier, assisting
in generating a unique vector representing a device. Specifically, the
identifiers are generated by passing the device IDs through two fully
connected layers 𝜎𝑖1, 𝜎𝑖2, combined with the activation function 𝜙 to
obtain 𝑛 identification vectors 𝐢1,… , 𝐢𝑛 corresponding to 𝑛 devices.
Below is the formula for the Device Identification block

𝐢𝑗 = 𝜎𝑖2(𝜙(𝜎𝑖1(𝐼𝐷𝑗 ))), ∀𝑗 = 1,… , 𝑛,

where 𝐼𝐷𝑗 is the one-hot vector representing the ID of device 𝑆𝑗 .

Inter-device Attention. Given the identification vectors from the De-
vice Identification block alongside the features extracted by the Shared
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Algorithm 1 Mini-batch stochastic gradient descent training of generative adversarial networks.
Input:
⊳ (𝜃𝐺 , 𝜃𝐷) - GAMMA model

(𝜃̂𝐺) - GAMMA Generator model
𝑝data - Data distribution
𝐼 - First stage’s iteration limit
𝑇 - Second stage’s iteration limit
𝐾 - Discriminator iteration limit
𝜂 - Global learning rate
𝐺 ,𝐷 - Chosen loss functions for Generator and Discriminator

utput:
(𝜃𝐺 , 𝜃𝐷) - GAMMA model with trained weight

1: Initialize 𝜃̂0𝐺 ← 𝜃̂0𝐺; 𝜃0𝐺 ← 𝜃0𝐺; 𝜃0𝐷 ← 𝜃0𝐷
2: for 𝑖 = 1,… , 𝐼 do ⊳ First stage training loop
3: 𝑏𝑥 ←

{

𝒙(1),… ,𝒙(𝑚)}; ∀𝑖 ∶ 𝒙(𝑖) ∼ 𝑝data ⊳ Sample real minibatch
4: 𝑏𝑦 ←

{

𝒚(1),… , 𝒚(𝑚)}; ⊳ Corresponding groundtruth minibatch
5: 𝑏𝑧 ←

{

𝒛(1),… , 𝒛(𝑚)
}

; ∀𝑖 ∶ 𝒛(𝑖) ← (𝒙(𝑖)) ⊳ Corresponding synthesis minibatch
6: 𝜃̂𝑖𝐺 ← 𝜃̂𝑖−1𝐺 − 𝜂∇𝜃𝑀𝑆𝐸(𝑏𝑧) ⊳ Update the Generator
7: end for
8: Softmapping 𝜃𝐺 ← 𝜃̂𝐼𝐺
9: for 𝑡 = 1,… , 𝑇 do ⊳ Second stage training loop

10: for 𝑘 = 1,… , 𝐾 do
1: 𝑏𝑥 ←

{

𝒙(1),… ,𝒙(𝑚)}; ∀𝑖 ∶ 𝒙(𝑖) ∼ 𝑝data ⊳ Sample real minibatch
12: 𝑏𝑛 ←

{

𝒏(1),… ,𝒏(𝑚)
}

; ∀𝑖 ∶ 𝒏(𝑖) ∼ 𝑝noise ⊳ Sample noise minibatch
13: 𝑏𝑦 ←

{

𝒚(1),… , 𝒚(𝑚)}; ⊳ Corresponding groundtruth minibatch
14: 𝑏𝑧 ←

{

𝒛(1),… , 𝒛(𝑚)
}

; ∀𝑖 ∶ 𝒛(𝑖) ← 𝐺(𝒙(𝑖),𝒏(𝑖)) ⊳ Corresponding synthesis minibatch
15: 𝜃𝑘𝐷 ← 𝜃𝑘−1𝐷 − 𝜂∇𝜃𝐷𝐷(𝑏𝑦, 𝑏𝑧) ⊳ Update the Discriminator
16: end for
7: 𝑏𝑥 ←

{

𝒙(1),… ,𝒙(𝑚)}; ∀𝑖 ∶ 𝒙(𝑖) ∼ 𝑝data ⊳ Sample real minibatch
18: 𝑏𝑛 ←

{

𝒏(1),… ,𝒏(𝑚)
}

; ∀𝑖 ∶ 𝒏(𝑖) ∼ 𝑝noise ⊳ Sample noise minibatch
19: 𝑏𝑧 ←

{

𝒛(1),… , 𝒛(𝑚)
}

; ∀𝑖 ∶ 𝒛(𝑖) ← 𝐺(𝒙(𝑖),𝒏(𝑖)) ⊳ Corresponding synthesis minibatch
20: 𝜃𝑡𝐺 ← 𝜃𝑡−1𝐺 − 𝜂∇𝜃𝐺𝐺(𝑏𝑧) ⊳ Update the Generator
1: end for
2: Return 𝐺(𝜃𝐺)
Feature Extractor, the Inter-device Attention module will be discussed
in detail. This module’s objective is to capture the correlation between
the devices. Denote by 𝑛 feature vectors 𝐡1, . . . , 𝐡𝑛 the output of the
Shared Feature Extractor, each of which conveys information about
the last time step of each device’s time series. Clearly, the correlations
between the devices are different, i.e., for a considered device, some
devices may have substantial connections with it while others may
not exhibit any relevant properties. Consequently, the attention block
is applied to determine the relationship between the devices and to
emphasize the most significant matters. Specifically, for each device
𝑆𝑗 , its identification vector 𝐢𝑗 is used as the query, and 𝐡1, . . . , 𝐡𝑛
are leveraged as the keys. In the meantime, the latent series 𝐟1,… , 𝐟𝑛
produced by the LSTM layer of the Shared Feature Extractor are directly
used as the value of the Inter-device Attention. Finally, the context
vectors are obtained by performing a weighted sum on the values using
the attention weights.

Given the identification vector 𝐢𝑗 generated by the Device Identifi-
cation block and the latent features extracted by the Shared Feature
Extractor, the working of the Inter-device Attention can be mathemat-
ically formulated as follows.

𝑠𝑖𝑗 = 𝜎(𝐡𝑖||𝐡𝑗 ), 𝑤𝑖𝑗 =
exp(𝑠𝑖𝑗 )

∑

∀𝑘 exp(𝑠𝑖𝑘)
,

𝐜𝑖 =
∑

∀𝑘
𝑤𝑖𝑘 × 𝐟𝑘.

Intra-device Attention. After passing through the Device Identifica-
tion module and Inter-device Attention block, for each device 𝑆𝑗 , the
identification 𝑖𝑗 , and context vector 𝑐𝑗 are obtained. In the final block
of the Generator, an additional attention mechanism named Intra-
device attention is applied. This mechanism aims to capture the internal
correlation within each device’s data, thereby enhancing the quality
8

of the final calibration. To elaborate, a self-attention mechanism is
initially employed within the time series 𝑐𝑗 to model temporal corre-
lations across all time steps. This approach serves to emphasize time
steps that correlate most with each other. Moreover, a global attention
is harnessed using the identification vector 𝑖𝑗 as the query and the
context vector 𝑐𝑗 as the key/value. It is worth noting that 𝑖𝑗 serves
as the identifier of the 𝑗th device and conveys the most distinguishing
information about this device. Therefore, by employing 𝑖𝑗 as the query
to perform attention on 𝑐𝑗 , the device-specific semantic information
can be learned, showing which parts of 𝑐𝑗 are the most important to
the time series of the 𝑗th device. The formulas concerning Intra-device
Attention are identical to those of Inter-device attention mentioned
previously.

3.4. Discriminator

While the primary aim is the establishment of a robust Generator ar-
chitecture, the Discriminator plays a crucial role in achieving this goal.
This module’s architecture must be capable of distinguishing between
the reference series and the calibrated series while simultaneously
being simple and shallow enough for improved convergence. Here, the
Discriminator consists of a bidirectional LSTM bi-LSTM block followed
by a fully connected layer. First, the input time series is passed through
the bi-LSTM block to extract temporal features. Through this block, the
critic is empowered to analyze the series from two perspectives and
extract the most important features to differentiate them. The output of
the bi-LSTM layer is then sent to the FC layer, which acts as a classifier,
generating the final prediction result indicating whether the inference

equipment generated the input time series.
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Fig. 5. Detailed architecture of GAMMA’s Generator module.
The Generator comprises two primary components: the Shared Feature Extractor and the Device-specific Feature Extractor. The former consists of a shared LSTM layer, which is
responsible for extracting representative characteristics shared by all devices. In the meantime, the latter includes the Device Identification module and two attention mechanisms.
The Identification module identifies the devices, whereas the Attention modules simulate inter- and intra-device correlation to obtain context vectors utilized to produce the final
calibration result.
3.5. Loss function

This section begins with a discussion of the primary loss employed
in adversarial training of both the Generator and Discriminator. Fol-
lowing this, a novel contrastive loss is introduced to enhance device-
specific representation.

GAN-based losses. The original work (Goodfellow et al., 2014) com-
bines the Sigmoid function and the cross entropy loss to indicate the
probabilistic result. However, this function may get saturated very
quickly. For example, when the input value 𝑥 is significantly significant,
the difference between the Sigmoid function’s outputs becomes trivial,
resulting in a gradient that approaches 0 and so triggering the vanishing
gradient problem. Moreover, as pointed out in Mao et al. (2017), the
log loss employed disregards the distance between the output value
and the decision boundary, hence failing to accurately represent the
optimization target. To this end, a novel loss is proposed, combining
the Least Squares Loss and the gradient penalty introduced in Gulrajani
et al. (2017), serving as the principal GAN training objective. The
primary loss function can be expressed as follows.

𝐷 =1
2
E𝐲̃∼𝑝data(𝐲̃)

[

(𝐷(𝐲̃|𝐱) − 1)2
]

+

1
2
E𝒏∼𝑝noise(𝒏)

[

(𝐷(𝐺(𝒏|𝐱)))2
]

,

𝐺 =1
2
E𝒏∼𝑝noise(𝒏)

[

(𝐷(𝐺(𝒏|𝐱)) − 1)2
]

+

𝜆E [(||∇ 𝐷(𝒏 |𝐱)|| − 1)2].

(2)
9

𝒏𝐷∼𝑝noise𝐷 (𝒏𝐷) 𝒏𝐷 𝐷 2
Specifically, in Formula (2), 𝑝noiseD is defined to be the distribution of
points lying in straight lines between pairs of points sampled from the
data distribution 𝑝data and the generator distribution 𝑝z. The gradient
penalty is introduced as the regularization term in 𝐺. Here, it con-
strains the gradient of the Discriminator to have a unit norm, which,
in turn, ensures this module satisfies the condition of a 1-Lipschitz
function.

Contrastive-based auxiliary loss for device-specific presentation
learning. As described in the preceding section, the Generator consists
of two blocks with distinct functions: a Shared Feature Extractor and
a Device-specific Feature Extractor. While the first block attempts to
learn the most representative properties of all the measured data, the
distinctive context vectors produced in the second block are the most
crucial elements that directly affect the model output.

To facilitate GAMMA in generating the intended context features, a
novel contrastive-based loss is introduced. This loss aims to strengthen
the connection between the context vectors produced for the same
device while also differentiating them from the ones produced for
different devices. The formula for this auxiliary loss is as follows.

𝐴 = − log

∑

𝑢,𝑣∈𝐵 exp
( 𝐜𝑖𝑢 ⋅𝐜𝑖𝑣

𝜏

)

∑

𝑢,𝑣∈𝐵 exp
( 𝐜𝑖𝑢 ⋅𝐜𝑖𝑣

𝜏

)

+
∑

𝑢,𝑙∈𝐵;𝑘≠𝑖 exp
( 𝐜𝑖𝑢 ⋅𝐜𝑘𝑙

𝜏

) , (3)

where 𝐜𝑖𝑢 and 𝐜𝑖𝑣 are context vectors of the 𝑚- and 𝑛th time series
recorded by device 𝑆𝑖 respectively, and 𝐜𝑘𝑙 is the 𝑙th time series
collected by 𝑆 in a mini-batch 𝐵; 𝜏 is the temperature hyperparameter.
𝑘
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The final loss function is formed by combining the GAN-based losses
𝐺 ,𝐷 and Contrastive-based auxiliary loss 𝐴 as follows.

= 𝐺 + 𝐷 + 𝐴.

. Accuracy evaluation

In this section, experiments are performed to determine how closely
he calibrated data relates to the actual data (i.e., data from the refer-
nce device). Specifically, this work investigates the following research
uestions:

Q1 Does the proposed model outperform the baseline approaches? To
answer this question, this study compares the gaps of the data
calibrated by the models and the groundtruth obtained by the
reference instrument.

Q2 How efficient is the proposed framework in terms of inference
time and memory resources? Concerning this question, this re-
search measures the inference time and memory resources re-
quired by each model.

Q3 To what extent do the hyperparameters affect the proposed
model? For this one, experiments are carried out with various
values of hyperparameters which facilitates the analysis of the
performance change of the proposed data calibration method.

Q4 How much does each design decision impact the model? To do
this, different components of the proposed model are sequentially
removed to study the performance change of the method.

n the following, we first describe our experimental methodology in
ection 4.1, we then present the settings and evaluation benchmarks
n Sections 4.2, and 4.3. The detailed results are described in Sections
.4, 4.5, 4.6, and 4.7.

.1. Experimental methodology

We perform the following procedure to evaluate the performance of
he proposed method:

• We gather sensory data from our devices and a reference in-
strument placed at the same location. Information regarding the
devices and the reference instrument has been provided in Sec-
tions 2.2 and 2.3.

• We then divide the data into three distinct subsets: the training,
validation, and testing datasets. Section 4.2 presents compre-
hensive information regarding the datasets, encompassing details
such as the number of data points, the ratio employed for data
splitting, and the sampling frequency.

• The training dataset is utilized to train both the proposed model
and the comparison benchmarks. While the validation dataset is
used to select the best parameters for the models. The details for
the comparison benchmarks will be provided in Section 4.3.

• Finally, we compare our proposed model and comparison bench-
marks on the testing dataset. The findings are explained in Sec-
tions 4.4, 4.5, and 4.6. Furthermore, ablation studies are con-
ducted to assess the individual effects of each module within our
proposed technique, as discussed in Section 4.7.

.2. Experimental settings

ataset. The dataset comprises sensory air quality and meteorological
ata collected by one reference instrument and five Fi-Mi devices
ocated in Hanoi, Vietnam (as described before in Section 2.3), from
1 February 2022 to 22 February 2022. During this time interval,
data point is obtained every minute from each device, which is

elevant to a sampling rate of 1 ∶ 60 Hz. All of the Fi-Mi devices and
he reference device (GRIMM 107) are placed at the same location
10

n a metropolitan region with an industrial zone and dense traffic
Table 4
Hyper-parameters setting for GAMMA model.

Hyper-parameter Value

Train Dataset Ratio 0.5
Validate Dataset Ratio 0.1
Test Dataset Ratio 0.4
Hidden Dimension 64
Noise Dimension 32
𝜏 0.1
First stage epoch - 𝐼 100
Second stage epoch - 𝑇 500
Discriminator epoch - 𝐾 5
Batch size - 𝑚 128

networks; hence, elevated air pollution indices are regularly recorded.
This dataset contains a total of 11030 records, each of which holds
several air quality attributes, including PM2.5, PM10, humidity, and
temperature. The two most crucial air quality measured quantities,
PM2.5 and PM10, are the calibration objectives for the experiments.
Data from the reference instrument GRIMM 107 is considered the stan-
dard, while the low-cost sensor data serves as the calibration model’s
input. The output of this calibration model is expected to resemble the
standard as much as possible. To this end, data from each device is
divided into a training set, a validation set, and a test set, following
the splitting ratio of 0.5 ∶ 0.1 ∶ 0.4, as shown in Table 4. The proposed
model, GAMMA, will be verified with the data from five Fi-Mi devices
and GRIMM 107 at the same location as in the training phase. This
testing data covers the period of February 18, 2022, to February 22,
2022, and contains 4412 data points.

Hyper-parameters settings. Details of the hyper-parameter setting are
presented in Table 4. Notably, when implementing GAMMA, the dimen-
sions of latent presentations are set as 64, while the noise dimension in
latent space is 64. Experiments show that this value set for two hyper-
parameters produces the best balance point between model complexity
and its accuracy. The optimizer used is AdamW (Loshchilov and Hutter,
2017), and the initial learning rate is 0.001. All the implementation
is performed with the help of Pytorch framework; the experiments are
conducted on an Intel Xeon Silver 4210 2.20 GHz system with 128 GB
of main memory and a GeForce RTX 3090 graphic card. To minimize
the impact of randomness, a uniform seed is initially established for all
experiments, and the results are averaged across three runs for each
air quality dataset. All algorithms are evaluated on the same standard
(implemented in the same Python environment and tested in the same
configuration) to guarantee fairness.

Evaluation metrics. This work leverages the five statistical metrics,
namely mean absolute error (MAE), root mean square error (RMSE),
mean absolute percentage error (MAPE), median absolute percentage
error (MdAPE), and R2 score (R2), to evaluate the performance of the
proposed method, i.e., GAMMA, and compare it to existing approaches.
The first four metrics (i.e., MAE, RMSE, MAPE, and MdAPE) assess
the difference between the calibrated sensory data and the ground-
truth data acquired from the reference device. Whereas the last metric
(i.e., R2) reflects the degree of correlation between the calibrated
sensory data and the ground-truth data. These metrics are often used
in evaluating the performance of data calibration methods (Giordano
et al., 2021).

4.3. Comparison benchmarks

To evaluate the performance of the proposed model GAMMA, a
comparison is drawn against five existing state-of-the-art approaches
for time series forecasting, namely Convolutional Recurrent Neural
Network (CRNN) (Cirstea et al., 2018), Auto-Encoder Convolutional

Recurrent Neural Network (AECRNN) (Cirstea et al., 2018), multitask
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learning Gated Recurrent Units (MTLGRU) (Ma and Tan, 2020), Multi-
series Jointly Forecasting (MSJF) (Zhang et al., 2020), and Shared-
private Attention (SPA) (Zhang et al., 2020). The rationale behind
employing these forecasting methods lies in their potential to function
as calibration models that exhibit superior performance in comparison
with existing sensory calibration methods. The utilization of these
strategies presents a more challenging comparison to the proposed
model, GAMMA.

CRNN (Cirstea et al., 2018) Cirstea et al. proposed a model named
CRNN that combines Convolutional Neural Networks (CNNs) with Re-
current Neural Networks (RNNs) to provide p-step ahead forecasting of
correlated time series. This approach employs CNNs to extract distinct
characteristics from each of the connected multiple time series and then
applies RNNs to capture the sequential dependencies of the combined
output of CNNs.

AECRNN (Cirstea et al., 2018) In AECRNN, auto-encoders are inte-
grated into CNNs to identify robust features while disregarding outlier
characteristics. These auto-encoders also provide additional regulariza-
tion, aiding in the extraction of representative features from the input
time series without overfitting to unique attributes in the training data
used for forecasting the target time series.

MTLGRU (Ma and Tan, 2020) Ma et al. introduced a GRU-based multi-
ask solution. Although GRU was inspired by the LSTM unit, it is
onsidered simpler to calculate and implement. It maintains the LSTM’s
esilience to the problem of vanishing gradients.

SJF (Zhang et al., 2020) In this work, Zhang et al. use a private
ncoding layer for each device and a shared encoding layer for sev-
ral devices. The private encoding and shared encoding features are
oncatenated and finally fed into the forecasting module.

PA (Zhang et al., 2020) Similar to the MSJF, the SPA architecture
mploys both a shared and a private encoding layer for various devices.
he difference between SPA and MSJF is that the feature combination
f shared and private encoding is done using an attention module
etween different devices. The output of this process is subsequently
ransmitted to the forecasting module.

.4. Evaluation of calibration accuracy

This section is dedicated to addressing research question RQ1.
pecifically, it presents an assessment of the similarity between the
roposed calibrated data and those obtained from the reference device.
oreover, this work also evaluates the performance of the proposed
ethod and that of the comparison benchmarks listed in Section 4.3.

eterministic results drawn from GAMMA. Since most state-of-the-
rt follow the deterministic approach, GAMMA results are also adapted
nto a single-value set for better comparison. All numbers and statistics
eported in the following sections are based on the median of the
esults generated by GAMMA. Specifically, prediction for each input
ime series is performed 200 times, each using a random noise drawn
rom the Gaussian distribution  (0, 1).

Table 5 demonstrates the detailed performances of proposed ap-
roaches and baseline models in terms of calibration accuracy. It can be
een from Table 5 that GAMMA significantly outperforms other base-
ines in all the evaluation metrics. Specifically, the proposed method
mproves from 60.19% to 74.09% in terms of the MAE metric compared
o the others. For the remaining measurements, the experimental results
f GAMMA remain superior to those of contemporary methods. For
xample, this approach enhances the performance from 62.30% to
9.16% concerning RMSE, whereas this number spans from 60.89%
o 64.56% for MdAPE. Concerning the R2 metric, GAMMA improves
rom 1.15 times to 9.67 times compared with the others. Overall, the
roposed model possesses the best metrics’ figures, with MAE and
11

r

APE being 2.5 and 13.86 when considering reference data as the
roundtruth.

Fig. 6 visualizes the calibration results generated by various meth-
ds and the reference series. Intuitively, the more the scatter is aligned
o the main diagonal, the more accurate the calibration result is.
AMMA consistently beats all other algorithms on all devices, as
emonstrated. GAMMA can nonetheless yield calibration results that
re nearly identical to the ground truth, and mostly lie inside the 20%
rror band, even for devices with the most divergent patterns relative
o the reference, such as Fi-Mi #3 and #4 (refer to Fig. A.12 for
ore details). In contrast, some models, notably CRNN and AECRNN,
roduce biased data concentrated along the 𝑥-axis when calibrating
evices Fi-Mi #3 as well as #4. This is the situation in which these
odels produce predicted values that are smaller than the ground truth.
he SPA model’s results display the opposite phenomenon for most
evices. Furthermore, for each model other than GAMMA, a notable
uantity of predictions are observed to fall beyond the 20% error
argin, indicating a quantitatively unreliable performance.

The experiments and analyses presented provide significant evi-
ence for the superior efficacy of GAMMA in the calibration of sensory
ata obtained from diverse sensors.

robabilistic view produced by GAMMA. Through the training pro-
ess, GAMMA can learn the reference series’ underlying distribution.
ig. 7 demonstrates the reference data regarding the model’s prediction
esults with the confidence bands of 80% and 95%. As shown, the
round truth is almost always contained within the bands. It sug-
ests the robustness of the proposed method towards generalizing the
ccurate interval of the reference device’s measured data.

.5. Efficiency comparison

In addressing question RQ2, experiments are conducted to demon-
trate GAMA’s ability in terms of resource efficiency. Specifically, a
omparison is made between the number of parameters and the infer-
nce time of GAMMA and those of the other baseline methods. The
esults of these experiments are described in Table 6. The inference
ime in this table is obtained by averaging the entire inference time (𝑠)
ver all samples of the test set. According to

Table 6, GAMMA reduces more than half the number of parameters
ompared to the AECRNN model. Besides, the proposed method also
perates relatively faster than CRNN and AECRNN, with approximately
.0018 s per sample versus 0.0032 and 0.0070 s per sample, respec-
ively. Compared to the current lightest model among the baselines,
SJF, GAMMA has the same number of parameters (1.3M), but boosts

he performance by up to 113% regarding R2 metrics (see Table 5 for
he details). When put together with SPA, the fastest model among
ll baselines, the proposed method possesses an increase in infer-
nce time of 50% whilst witnessing a calibration error reduction of
4.09% regarding the MAE metric. From this experiment, GAMMA has
emonstrated its capacity to strike a balance between complexity and
recision.

.6. Hyperparameters sensitivity analysis

Within this section, the sensitivity analysis of hyperparameters re-
arding the proposed model’s performance is described in response to
uestion RQ3. According to prior research (Metz et al., 2016; Gong
t al., 2019; Chu et al., 2020), training generative adversarial networks
s relatively unstable; therefore, it is essential to examine the selection
f parameters. Several experiments are conducted to evaluate the sen-
itivity analysis of different training factors for generative adversarial
etworks. The investigation encompasses the dimensions of LSTM cells
nd noise vectors. The subsequent section presents the experimental

esults concerning these dimensions.
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Fig. 6. The scatter plot shows the correlations of GAMMA and different frameworks’ calibration results with the reference series.
For all sub-figures, the 𝑥-axis indicates the ground-truth value; here is the reference series, while the 𝑦-axis represents the models’ calibrated values. GAMMA results produce the
scatters which is closest to the perfect calibration line (the diagonal line) in almost all devices, mostly lying in the 20% error band (the two dashed lines).
Fig. 7. Probabilistic results produced by GAMMA. For all sub-figures, the 𝑥-axis indicates the calibration timestep. The blue line represents the groundtruth data measured by the
referenced device; the light green bands represent the 80% and 95% confidence bands of GAMMA’s predictions.
Dimension of the LSTM cells. The number of LSTM layer’s dimensions
is altered from 64 to 256 to examine the effects of this number on
GAMMA’s performance. These variations are observed in three calibra-
tion errors (i.e., MAE, RMSE, and MAPE errors). The findings of the
experiment are presented in Table 7. As anticipated, all three metrics
12
decline when the dimension of LSTM layers is increased (i.e, from 64
to 128). This phenomenon can be explained by the learning capacity
of LSTM cells as their dimensions increase. However, the performance
degrades as the LSTM cell size is larger. When the dimension of the
LSTM cell is excessively large, it is more likely to face the problem of
overfitting. In addition, it is obvious that increasing the LSTM size will
increase processing time and necessitate additional memory for storing
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Table 5
Average calibration errors achieved by all the methods. In each column, the best results
are marked in bold.

Method MAE RMSE MAPE MDAPE R2

CRNN 9.57 12.36 52.98 49.83 0.087
AECRNN 9.33 11.99 51.70 48.57 0.127
MTLGRU 6.28 9.31 34.71 30.84 0.382
MSJF 8.44 9.81 46.70 44.03 0.432
SPA 9.65 11.84 53.30 57.86 0.169
GAMMA 2.50 3.51 13.86 12.06 0.928

Table 6
Comparison of the number of parameters and inference time between
GAMMA and five baseline models. The best results are marked in bold.

Method Parameters (M) Inference time (s)

CRNN 2.1M 0.0032
AECRNN 3.9M 0.0070
MTLGRU 3.3M 0.0019
MSJF 1.3M 0.0016
SPA 1.5M 0.0012
GAMMA (Our) 1.3M 0.0018

the model. As a result, a dimension value of 128 is selected for the LSTM
layer that strikes a balance between accuracy and efficiency.

Dimension of the noise vectors. Random noise is fed into the GAMMA
generator to improve the diversity of the training data, hence boosting
the model’s ability to learn the data distribution. Intuitively, the dimen-
sion of the noise vector determines the degree of distortion imposed on
the original data. In this section, the effects of the injected noise are
investigated by altering its dimension from 32 to 128 and examining
ow the calibration performance varies. The results are summarized in
able 8. In general, the calibration errors tend to drop as the dimension
f the noise vector grows from 32 to 64, but increase beyond that. This
henomenon can be explained as follows. When the dimension of the
oise vector is too modest (e.g., 32), the fraction of noise injected is
nsignificant; hence, it cannot boost the diversity of the data signifi-
antly. When the dimension of the noise vector is adequately extended,
he diversity of the data is also enhanced, consequently improving the
alibration capability. Nonetheless, if the dimension of the noise vector
s too large, the injected noise may dominate the original data and
kew its distribution. As a result, the precision of the calibration will
eteriorate. According to the experiment results, 64 is a moderate value
f the noise vector’s dimension.

.7. Efficacy of GAMMA’s modules

The proposed model comprises four main components: Shared Fea-
ure Extractor, Inter-device Attention, Intra-device Attention, and loss
unction. Section 3.2 explains the reasoning behind the design of these
omponents. In this section, experiments are conducted to empirically
upport the hypothesis. In particular, the effectiveness of four experi-
ents involving the progressive simplification of the four modules is

valuated. The details of these experiments are as follows.

• GAMMA-1: The inter-device connection in the Shared LSTM
Layer, which was responsible for learning shared characteristics
among all devices, is eliminated. Specifically, the Fully Connected
Layers that play the role of exchanging information across devices
are removed, and only the LSTM layer remains.

• GAMMA-2: To assess the influence of the Inter-device Attention
block, experiments are conducted on GAMMA without the incor-
poration of this module.The context features are now the output
of the Shared LSTM Layer. Besides, the identity presentation
generated by the Device Identification module is now put directly
13

through the Intra-device Attention Layer. i
Table 7
Impact of the dimension of LSTM cells in generative adversarial training.
Dimension of LSTM cells MAE RMSE MAPE

64 3.5 4.59 10.70
128 2.50 3.51 13.86
256 3.45 4.49 9.83

Table 8
Influence of noise vector’s dimension in generative adversarial training.

Dimension of noise vector MAE RMSE MAPE

32 3.52 4.58 11.50
64 2.50 3.51 13.86
128 3.56 4.50 10.55

Table 9
Effects of different components on the model’s performance. The best results are
marked with bold.

Model MAE RMSE MAPE MDAPE R2

GAMMA-1 6.64 7.36 36.83 46.36 0.555
GAMMA-2 5.57 7.33 30.77 28.93 0.680
GAMMA-3 4.75 5.45 26.32 32.61 0.780
GAMMA-4 4.76 5.70 26.32 27.56 0.811
GAMMA 2.50 3.51 13.86 12.06 0.928

• GAMMA-3: In this variation, a segment of the Intra-device At-
tention is excluded to evaluate its influence while preserving the
model’s overall structure. Precisely, the global attention compo-
nent is removed, retaining only the self-attention block. This ad-
justment allows for the assessment of whether the direct integra-
tion of device identities contributes to the model’s performance
enhancement.

• GAMMA-4: To assess the impact of the contrastive-based auxiliary
loss on device-specific representation learning, the loss 𝐴 is
excluded while retaining only the GAN-based losses 𝐺 and 𝐷.

Table 9 gives information about the results of the aforementioned
blation models utilizing five distinct evaluation metrics. Apparently,
he entire proposed framework outperforms the other variants, indicat-
ng the positive influence of each architectural decisions. In particular,
he full version of GAMMA surpasses GAMMA-1 by 62.36% for the MAE
etric. In addition, the MAE value of GAMMA-1 is the highest among

ll versions, highlighting the advantages of utilizing the shared Feature
xtractor. A similar drop in the average MAE at 55.12% and 47.39%
an be observed for GAMMA-2 and GAMMA-3, respectively. These re-
uctions highlight the significance of the remaining two components in
he proposed method. However, as the statistics provide, it is noticeable
hat Inter-device Attention has a more significant influence than Intra-
evice Attention since removing this component results in higher loss
alues for all metrics. The contrastive-based loss contribution to the
omplete framework is also significant, as eliminating this loss leads to
n increase in MAE error of 90.4%. Overall, all architectural selections
nd the additional contrastive loss have irreplaceable impacts on the
ntire GAMMA model.

. Conclusion

This work focused on calibrating the sensory data, especially PM 2.5
oncentration, of low-cost sensor-based air quality monitoring devices.
novel deep learning approach named GAMMA was introduced, which

s capable of simultaneous calibration of multiple devices through a sin-
le model. The method was implemented and tested on an operational
ir quality monitoring system situated in Hanoi, Vietnam. Extensive
xperiments were conducted using real datasets to assess the model’s
erformance and compare it against alternative techniques. The exper-
mental findings revealed that GAMMA strongly surpassed the others

n terms of calibrating precision and attained a competitive level of
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Fig. A.8. Visualization of preprocessed PM𝟐.𝟓 gathered by the devices.
he red line reflects the data gathered by the reference device, whereas the blue lines show the data collected by low-cost devices. There are significant discrepancies between
ata from all devices. Moreover, even inside Fi-Mi devices, the data collected exhibits distinct distributions.
1

ime and resource efficiency. In particular, these findings demonstrate
hat the use of GAMMA leads to a significant decrease in the calibra-
ion error, reducing it from 60.19% to 74.09% as measured by the
AE metric, when compared to the most effective alternative strategy.
oreover, this approach enhances the performance from 62.30% to

9.16% concerning RMSE, whereas this number spans from 60.89%
o 64.56% for MdAPE. Concerning the R2 score, GAMMA exhibits a
ignificant improvement ranging from 1.15 times to 9.67 times when
ompared to the other methods. Among GAMMA’s modules, the inter-
evice connection in the Shared Feature Extractor exhibits the greatest
ignificance, as it possesses the capability to learn shared characteristics
cross multiple devices.

In the future, it is essential to validate the proposed model within a
ystem incorporating a larger quantity of low-cost sensors, each placed
t a distinct location. Furthermore, there is a potential direction to
nvestigate the issue of utilizing point-measurement data obtained from
ensors to interpolate and generate area measurements.
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Appendix A. Appendix

Fig. A.11 shows the histograms of the preprocessed PM2.5 and PM10
collected by Fi-Mi devices and the reference instrument. In general, the
data collected by Fi-Mi devices tends to focus on a limited spectrum
of values, while the data obtained by GRIMM 107 devices exhibits a
broader range of values. Fi-Mi devices witness a smaller range of values,
which is approximately 10 to 40 μg∕m3 compared to that of GRIMM
07, which ranges up to 105 μg∕m3 for PM2.5 and 115 μg∕m3 for PM10.

Furthermore, the frequencies of data gathered by Fi-Mi devices have a
significantly higher value than those collected by GRIMM. Specifically,
the most notable frequency of Fi-Mi’s data is approximately five times
that of GRIMM 107.

A global trend reveals that the overlapping values between the
Fi-Mi device and the reference instrument constitute only a minor
fraction, often around one-fourth of the total data range provided by
the reference instrument. Furthermore, the fact that the majority of
data supplied by Fi-Mi devices is restricted to a short range prevents the
generation of high-range or even extremely large air quality quantity
values. These constraints make the problem of calibrating Fi-Mi devices
more challenging. Fig. A.12 shows the Pearson correlation coefficient
(PCC) of the data gathered by Fi-Mi devices and those of the reference
instrument, which can then be used to investigate the correlation
between them. The color close to red signifies average correlations,
while the blue-like color indicates significant correlations. As can be
seen from Fig. A.12, correlation levels between the reference instru-
ment and the first or fifth Fi-Mi device are more significant compared
to the remaining devices for both air quality indices. The Fi-Mi #4
shows a weaker relationship to the GRIMM 107 with a correlation
score of approximately 0.6. Additionally, this device has a relatively
poor relationship with other Fi-Mi devices. This phenomenon imposes
difficulty in developing a multi-task calibrating model for all devices
(see Fig. A.9).
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Fig. A.9. Air quality map when implementing Fi-Mi devices on the Hanoi bus system.
The map shows the current location of sensors, along with circles with AQI data at that point. When a bus equipped with a moving sensor moves, the website interface
(i.e., http://demo.fi-mi.vn/app) will leave a trace of the route the bus has traveled with colors corresponding to the AQI status at the measurement point.

Fig. A.10. Overview of GAMMA.
GAMMA calibrates multiple sensor-based air quality monitoring devices concurrently using a single model. It employs the multitask learning paradigm to handle numerous calibration
tasks simultaneously and the GAN approach to achieve precise calibration. The Generator comprises two primary modules: a Shared Feature Extractor for extracting representative
characteristics shared by all sensors and a Device-specific Feature Extractor responsible for capturing the unique properties of each device.

Fig. A.11. Histograms of PM2.5 and PM10 for each pair of a Fi-Mi device and GRIMM 107.
There is a considerable difference between the number of observations (#observations) of the preprocessed sensory data collected by Fi-Mi devices (red bars) and the reference
data. In contrast to the tall and narrow shape of the Fi-Mi data, the reference data (blue bars) are short and wide.

http://demo.fi-mi.vn/app
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Fig. A.12. Pearson correlation coefficient of PM2.5 and PM10 gathered by Fi-Mi devices and GRIMM 107.
The data from Fi-Mi devices correlates inconsistently with the reference data. Some devices, such as Fi-Mi #2, have a strong correlation with the reference, while others, such as
Fi-Mi #4, have a very weak association.
Table A.10
Error percentage difference when evaluating baseline models with
testing data from two distinct devices, whereas training with one
device only.
Experiments were conducted using Fi-Mi #5 for training and assessment,
along with data from its most different device, Fi-Mi #4. This table
illustrates the difference in percentage of test metrics between these
two devices’ data. Hence, the utilization of a model trained with data
from a specific device is not transferable to data obtained from different
devices.

Method MAE RMSE MAPE

CRNN 13.98 6.48 13.98
AECRNN 8.68 5.35 8.68
MTLGRU 31.30 21.23 31.30
MSJF 35.66 23.92 35.66
SPA 19.98 15.92 19.98
Average 21.92 14.58 21.92
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