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ABSTRACT 
 

 

Low-cost particulate matter sensors, due to their increased mobility compared  to 

reference monitors, are transforming air quality monitoring. Calibrating these 

sensors requires training data from reference monitors, which is traditionally 

done through conventional procedures or by using machine learning techniques. 

The latter outperforms traditional methods, but still requires deployment of a ref- 

      erence monitor and significant amounts of training data from the target sensor. 
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In this study, we present a cutting-edge machine learning-based transfer 

learning technique for rapid sensor calibration with Co-deployment with 

reference monitors is kept to a minimum. This approach integrates data from a 

small number of sensors, including the target sensor, reducing the dependence 

on a reference monitor. Our studies reveal that in recent research, a transfer 

learning method using a meta-agnostic model has been proposed, and the 

results proved to be much more effective than the previous method. In trials, 

calibration errors were successfully reduced by up to 32% and 15% compared 

to the best raw and base- line observations. This shows the great potential of 

transfer learning methods to increase the  effectiveness of learning in the long 

term. These results highlight the potential  of  this  innovative transfer learning 

technique for rapidly and ac- curately calibrating low-cost particulate matter 

sensors using machine learning. 
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1. INTRODUCTION 

Exposure to fine particulate matter (PM2.5) is the primary environmental risk factor for death globally[1]. 

Administration normally only deploys a few traditional air quality monitoring stations at key sites in a city due 

to their high setup costs and labor-intensive maintenance requirements. Better resolution data are urgently 

needed Accurately assessing people’s exposure to air pollution can be challenging due to the multitude of 

factors affecting the levels of air pollutants. In fact, even locations just a few kilometers apart can exhibit sub- 

stantial variation in air pollution levels. This highlights the complexity involved in measuring and evaluating 

the extent of air pollution exposure in individuals[2]. Because of their reduced prices, smaller size, and higher 

mobility, low-cost sensors fortunately provide an economical solution. As sensors for air pollution monitoring- 
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are typically less precise than their reference grade counterparts, it is necessary to calibrate them in the field to 

obtain accurate data. This is commonly done by comparing the sensor data with that of a reference monitor 

deployed in the same location. The result-ing spatiotemporal measurements are then aggregated in a sensor 

network, providing a more comprehensive understanding of the air pollution levels in a given area. We 

emphasize the first setting in this message[3]. Cal- ibrating low-cost sensor data requires capturing the 

complex and nonlinear relationship between the true values obtained from reference monitors and the raw 

sensor data[4]. To achieve this, various statistical techniques, such as ARIMA, and supervised machine 

learning techniques, such as linear regression, closest neighbors, and Gaussian process regression, have been 

extensively researched. These techniques enable the developmentof accurate calibration models that help to 

improve the reliability of low-cost sensor readings, thereby facili- tating more accurate monitoring of air 

pollution levels. Convolutional and recurrent neural networks (CNN) and fully connected neural networks 

(FCNN) have both been very successful neural network learning tech- niques. efficient in attaining the most 

advanced sensor calibration performance. Deep neural network-based approaches are generally acknowledged 

to perform better than traditional machine learning approaches in a va-riety of learning challenges involving 

structured data. But when compared to the latter, the former often needsa lot more training data. Transfer 

learning, which makes use of information from copious data from related activities (referred to as the source) 

and improves the model over the target task, is one method for addressingthis data scarcity issue. Model- 

agnostic meta learning is a cutting-edge transfer learning method (AIKU). In order for the model to swiftly 

adapt to the target data, AIKU learns the ideal initialization values for the model parameters[5]. These 

sophisticated neural network learning techniques primarily handle classification issues, but regression 

presents unique difficulties[6]. 

This letter discusses resource-constrained calibration methods using neural network learning. In order 

to prepare, we want to use as little data as possible from a reference monitor that is also present. The calibration 

method used for a particular sensor. We suggest a brand-new transfer learning technique based on AIKU 

addressing the current regression issue. 

 

2. METHOD 

One low-cost sensor per location is currently deployed across a number of different sites. For a sensor 

placed at a specific site, the time series of measurements xp from the inexpensive sensor and the matching 

readings yp from the co-deployed reference monitor, respectively, are denoted by ρ,Dp= (xp,yp) indicates that 

the length of both xp and yp is the same. We have some target locations and a collection of source sites ps. A 

tiny quantity of data is present for each target location, i.e., —Dpi| >> |Dpj |Api  ∈ P sApjpt 
 

Figure 1. Framework of Brand Image and Green Marketing Towards Purchase Decision 
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Consider a model with parameters fθ that maps observations χ to output ˆy, represented by fθ. To implement fθ, 

we employ a neural network. The block diagram of our methodology is shown in Fig 1. 

2.1. Using AIKU for Meta Learning 

Meta learning is a machine learning technique that involves training a model to adapt to new tasks 

quickly with minimal data. The goal of meta learning is to develop a more generalizable model that can learn 

from a diverse set of tasks and apply that knowledge to new tasks[7]. In meta learning, a model is trained across 

various tasks, each with its unique dataset and loss function, to learn the optimal set of model parameters that can 

be applied to new tasks. Meta learning involves ”learning to learn,” which means discovering the best way to 

learn from different tasks and apply that knowledge to new ones. This technique is particularly useful in 

scenarios where data is scarce, and the model needs to adapt quickly to new situations[8]. By implementing meta 

learning, we can create more versatile and adaptable algorithms that can be rapidly fine-tuned to suit the needs of 

different occupations and industries[9]. 

 

ϕ∗ = argminϕED∼p(D)[∠D(ϕ)] (1) 

 
The probability distribution of datasets, represented by p(D), plays a critical role in the field of meta- learning. 

One popular meta-learning approach is the AIKU method, which can be applied to any model that utilizes 

gradient descent, a powerful optimization-based learning strategy. The main idea behind AIKU-based meta- 

learning is to efficiently learn the initial parameters of a model so that it can be rapidly adapted for optimal 

performance on a new task[10]. This approach involves a two-stage optimization process: first, a meta-learner is 

trained to improve performance across a diverse set of learning tasks, followed by the training of a base model to 

enhance performance on a specific task. The meta-learner learns to adapt the initial parameters of the base model 

for each specific task, allowing for efficient and effective adaptation to new environments with limited training 

data[11]. By rapidly training a base model with minimal data, the meta-learner is then able to identify the most 

suitable initial parameters for each task-specific model. This allows for the creation of highly versatile and 

adaptable models that can be efficiently fine-tuned for a wide range of applications[12]. 

 
2.2. Model for Sensor Calibration Proposal 

This approach allows the base model to be efficiently and effectively trained on the target task, even 

when faced with limited data. The result is a highly adaptable and versatile model that can be fine-tuned for 

a wide range of applications, making it a powerful tool for addressing complex and diverse real-world 

challenges[13]. Additionally, the meta learner is able to learn from the experiences of multiple source locations, 

resulting in a more robust and generalizable model. This enables efficient and rapid training of the base model on 

the target task, even with limited data. As a result, the approach yields a highly adaptable and versatile model that 

can be fine-tuned for a wide range of applications, making it a powerful tool for tackling complex and diverse 

real-world challenges[14]. The meta learner is global, while the core model is exclusive to the site. A fully 

connected neural network is used to build the basic model, represented by the function fθp with parameters θp. 

To train the base model quickly and efficiently at each location θp, a meta learner is utilized, implemented as 

another fully connected neural network. The architectures of fθ and fθp are identical. The proposed calibration 

scheme is illustrated in Figure 1. 

We initiate the process by training our meta learners with the source data[15]. During the training phase, 

we randomly select samples from the query set and support set of the Dp dataset from the source location 

p. The meta learner is trained using data from multiple source locations, allowing it to learn a more general 

model[16]. This model is then used to initialize the base model at the target location, which is subsequently fine- 

tuned using the limited available data. This approach allows for efficient and effective training of the base model 

on a new task, even when faced with limited data[17]. The resulting model is highly adaptable and versatile, 

making it a powerful tool for addressing a wide range of real-world challenges. Fig 1 illustrates the utilization of 

the meta learner fθ for initializing the base model fθp[18]. 
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1. Source Training for the Meta Learner: 

The meta learner fθ is generated at random. When a specific source location pi is chosen, the data Dpi is 

separated into two mutually exclusive sets: a query set DQ pi and a support set DS pi. Query sets are used to 

evaluate meta learner performance and train them[19]. On the other hand, support pools are used to train the 

base model. As shown in the fig 1, during training, we select samples from both data sets from the Dp data 

source at the p source location to train the base model. After that, we use a trained meta learner to train our 

simple model at a specific target location with minimal training data from the target site[20]. Gradient 

descent over DSis used to train the base model, which is initially setup as. 

 

θpi ← θpi − α∇θpi∠Ds (θpi) (2) 

 
Here, α∈R is the learning rate. The mean absolute error, which is used as the loss function, is defined as 

 

∠ (θ) 
Σ

 
(x,y)ϵd 

|fθ(x) − y| (3) 

 

After that, the loss LDQ pi (θpi) defined in the base model is computed and evaluated on the query set 

DQ pi [21]. As illustrated in Fig 1, we repeat the entire process for each source site. The meta learner is trained 

by minimizing the meta loss, which is the sum of all individual losses LDQ pi (θpi) determined on the query 

set. The goal of the meta learner is to identify optimal initial parameters for thebase model, so that with just a 

few gradient steps at the new location, the performance on the evaluationset is optimized[22]. 

Σ 

ϕ ← ϕ − β ▽ϕ∠DQ (ϕ) (4) 
i 

β∈ R is the learning rate. In the end, only the meta learners will be kept, while the base models from various 
sources will be discarded[23]. 

 

 
2. In the Desired Location, Train the Basic Model: 

We re-initialize the underlying model with ϕ and train θpj utilizing to improve prediction for a target lo- cation 

pj ∈ Pt with minimum training data[24]. In this scenario, the test set is used to evaluate calibration performance, 

while the backing set is used as training data (see blue block in Fig 1). In Algorithm 1, the full calibration model 

training algorithm is described as a pseudo code[25]. 

 
 

3. EXPERIMENTAL RESULTS 

3.1. Dataset Description 

During our tests, the low-cost sensors are placed adjacent to the reference screens in 15 different 
places throughout Mumbai. Instead, the low-cost sensors provide four measurements of the reference 

monitor’ssingle measurement of PM2.5, including PM2.5, PM10, temperature, and humidity. Nova 

fitness sensors, which work by scattering laser light, are used in the low-cost sensors to measure PM2.5. 

Throughout the data collecting period, which lasted from November 1, 2022, to March 5, 2023, one 

sample was obtained every hour. We deploy five different target sites and 10 different source locations 

in order to conduct our transfer learning experiments. We chose a two day window for the support 
pool, and another two day window for the query set from the data set at each source location. 
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The query set takes place later in the timeline, and the twosets are incompatible. For the training and validation 

sets, we choose a window of three days for each target city, and the next 15 days of data serve as the testing set. 

We feed the calibration model data from the low-costsensors that monitor temperature, humidity, PM2.5, and 

PM10 levels. 

 
 

Table 1. 15 days of data testing set 

Loc 
B1 B2 B3 MAML 

MAE (Standard deviation) 

1 36.4 (29.1) 13.7 (15.2) 9.0 (18.2) 8.0 (6.5) 

2 21.8 (31.2) 14.5 (27.9) 12.8 (25.3) 12.1 (17.5) 

3 18.9 (17.1) 12.8 (14.9) 10.0 (17.2) 8.7 (8.2) 

4 21.5 (22.6) 17.1 (19.2) 19.2 (18.3) 15.9 (18.7) 

5 18.8 (20.9) 14.6 (19.4) 12.6 (21.0) 10.1 (8.2) 

 RMSE 

1 46.6 16.5 11.2 10.3 

2 32.0 24.3 21.7 20.2 

3 24.7 15.8 14.1 12.0 

4 32.3 25.2 26.4 24.5 

5 24.1 18.8 16.3 12.9 

 R2 

1 -32.4 46.6 75.3 79.9 

2 0.0 41.4 53.0 55.7 

3 -56.7 46.9 56.3 68.9 

4 -90.0 -10.4 -12.1 2.5 

5 22.1 51.4 64.5 77.0 

 

 
3.2. Implementation Details 
The proposed technique employs a standard feed-forward neural network consisting of two hidden layers, 

each containing 128 neurons activated with the ReLU activation function, to model fθ. The output layer comprises 
only one linear neuron[26]. The meta learner is trained using the Adam optimizer with a learning rate of 104, 
while the base model is trained using the stochastic gradient descent optimizer with a learning rate of 103. 
Hyperparameter tuning is performed using the validation set[27]. 

 
3.3. Implementation Details 

The proposed technique employs a standard feed-forward neural network consisting of two hidden 

layers, each containing 128 neurons activated with the ReLU activation function, to model fθ. The output layer 

comprises only one linear neuron[26]. The meta learner is trained using the Adam optimizer with a learning 

rate of 104, while the base model is trained using the stochastic gradient descent optimizer with a learning rate 

of 103. Hyperparameter tuning is performed using the validation set[27]. 

 

3.4. Performance Metrics 

Once the PM2.5 was calibrated, we assessed the performance of the calibration model by comparing its 

readings with the corresponding measurements obtained from colocated reference monitors[28]. We used three 

metrics for the comparison: mean absolute error (MAE), root mean square error (RMSE), and coefficient of 

determination (R2). To further analyze the accuracy of the calibration model, we also calculated the standard 

deviation of the mean absolute error[29]. 
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3.5. Results 

We implemented our strategy and compared calibrated PM2.5 readings for five target cities using 

various methodologies. 

 
1. The baseline B1 performs the worst, illustrating that neural network learning fails when training instances 

are scarce. 

2. The baseline B2 outperforms B1 by a wide margin, demonstrating that sensor calibration is successful 
when knowledge is transferred across two locations. In our earlier work, we explore the baseline B2 in 
great depth. 

3. The majority of the time, as evidenced by the better results with B3, the transfer learning performance 

increases with the quantity of source data. Location 4’s baseline B2 performs better than B3 there, 

nevertheless. The findings effectively show that just combining data from different source locations may 
worsen performance if a source site can be optimally transferred to a specific destination location. 

4. The suggested approach beats every other approach, demonstrating the superiority of AIKU-based trans- 

fer learning over fine-tuning-based transfer learning. For an independent two-sample t test, the improve- 

ment has a p-value of less than 0.01 and is statistically significant. 

5. While the MAE, RMSE, and R2 values of the suggested technique all indicate improvements, In addition, 

the standard deviation of the absolute error also decreases, indicating that the calibrated PM2.5 reading is 

very close to that of the reference monitor. 

Examples of corrected PM2.5 the values are compared to raw values from low-cost sensors and readings 

from reference monitors. As can be observed, the calibrated values closely mirror the reference monitor 

when compared to the raw sensor data. 

 
4. CONCLUSION 

The issue of quick and accurate calibration of inexpensive sensors with the least amount of co- 

deployment with reference monitors is addressed in this letter. It employs transfer learning for low co- 

deployment and neural networks for efficiency. An efficient strategy for calibrating inexpensive sensors 

and a model-independent transfer learning technique based on meta-learning for regression are the two 

key contri- butions of this letter. It is shown that the suggested technique outperforms alternative learning 

systems in the transfer learning environment. Both stationary sensors and mobile sensors with moving 

reference monitors can be calibrated using the described technique. We wish to address issues with 

maintenance and sensor drift with future extended deployments. Additionally, we intend to expand our 

model to include calibration for a range of gas sensors, including those for NOx, O3, and CO. 
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