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Abstract


Particulate matter has become one of the major issues in environmental sustainability, and its accurate measurement has grown in importance recently. Low-cost sensors (LCS) have been widely used to measure particulate concentration, but concerns about their accuracy remain. Previous research has shown that LCS data can be successfully calibrated using various machine learning algorithms. In this study, for better calibration, dynamic weight was introduced to the loss function of the LSTM model to amplify the loss, especially in a specific band. Our results showed that the dynamically weighted loss function resulted in better calibration in the specific band, where the model accepts the loss more sensitively than outside of the band. It was also confirmed that the dynamically weighted loss function can improve the calibration of the LSTM model in terms of both overall performance and local performance in bands. In a test case, the overall calibration performance was improved by about 12.57%, from 3.50 to 3.06, in terms of RMSE. The local calibration performance in the band improved from 4.25 to 3.77. Such improvements were achieved by varying coefficients of the dynamic weight. The results from different bands also indicated that having more data in a band will guarantee better improvement.
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1. Introduction


Particulate matter has become one of the world’s major air pollution issues, and its impact on people and society has been widely investigated and highlighted. Particulate matter affects public health in both the short and long term, causing respiratory and cardiovascular diseases [1]. High concentrations of particulate matter have a wide range of adverse effects. In October 2013, the International Cancer Institute (IARC) under the World Health Organization (WHO) classified particulate matter as a Group 1 carcinogen, similar to asbestos and benzene, which have serious adverse effects on humans. WHO announced that, in 2014 alone, seven million people died earlier than expected due to particulate matter [2]. WHO has suggested as a guideline that an air quality of PM2.5 should be maintained at an annual average of 10 μg/m3 and a daily average of 24 μg/m3 or less, and many countries, including South Korea, follow such criteria. As such, checking the concentration of particulate matter has already become a daily routine and even publics adjust their expenditures to reduce the particulate matter emissions [3].



To deliver more accurate information about ambient concentrations of particulate matter to the public, the government has established measuring stations with high-cost equipment [4]. The Korean Ministry of Environment has adopted the beta-ray absorption method and the gravimetric method as standard approaches for measuring particulate matter in the atmosphere. In this study, these methods are called the standard method of the government (SMG). The beta-ray absorption method measures the mass concentration of sampled particulate matter using the change in beta-ray intensity when it is transmitted through the sample. The gravimetric method directly determines the mass of the ambient particulate matter by measuring the difference in weight of a filter before and after sampling [5]. These standard methods demand skilled operators, large space and high investment, because they involve sensitive operation and management issues.



Optic sensors used with the infrared ray scattering method are low-cost sensors (LCS) and can complement the SMG measurement temporally and spatially [6,7]. Despite their relatively low reliability and accuracy compared to the SMG, LCS are widely utilized for measurement because they offer convenient, economical, and practical usage. In particular, LCS can improve their measurements with high temporal and spatial resolution due to their low cost to install [8]. Most indoor air purifiers contain LCS to measure indoor air quality, which has different characteristics than the outdoor atmosphere. These LCS can be used to not only measure air pollution, but also to detect the particulate matter in other domains such as wildfires [9], marine monitoring [10], and building constructions [11].




2. Literature Review


2.1. The Limitation of Low-Cost Sensors Compared to the Standard Methods of the Government


LCS performance can be distorted by various factors that become reasons for their inaccuracy [12,13]. As LCS do not sample and dry the particulate matter, microscopic droplets can distort the scattering of the infrared rays [14]. The absorption of infrared rays by humid air lowers sensor performance [15]. The data quality is also diminished in extreme conditions such as sand storms [16]. It is also sensitive to local events such as wind gusts and cigarette smoke, so that data measured by LCS is sometimes inaccurate in high temporal resolution [17]. When conducting this study, we noted that, for some LCS with suction fans, dust covered the suction hole forming a dense web-like structure, which strongly distorted the measurement.



Although manufacturers calibrate their error, the LCS usually overestimate the concentration of particulate matter because of differences between the actual environment and the environment in which pre-calibration was performed. Sometimes, the pre-calibration does not consider the distorting factors [18]. Some recalibration models that contain regional meteorological conditions have been studied [19]. On-site recalibration is required in the actual field or environment where LCS are placed [13,20,21].



Since LCS are more frequently used in living areas, more caution has recently been given to their accuracy and calibration. Studies have investigated their calibration considering the error-causing factors. Liu et al. [22] developed a package for LCS used to measure PM2.5 emitted by traffic on a road. They improved the reliability of measurement by calibrating with meteorological factors such as temperature and humidity. Zheng et al. [23] investigated their performance under in-field conditions and suggested that nonlinear calibration using weather factors such as relative humidity can improve the sensor performance.




2.2. Deep Learning Applications for Calibrating Low-Cost Sensors


The calibration methods of LCS can be categorized into physical mechanism-based models, parametric models, and nonparametric models such as machine learning algorithms [24]. The mechanism-based models incorporate the relative humidity for calibration because it distorts the optical measurement of LCS. The parametric models, such as regression models, are easy to apply but make it difficult to capture the nonlinear relationship between various factors that affect on-site LCS.



Many previous studies have adopted machine learning algorithms for calibration because of their high performance solving nonlinear relationships. Wang et al. [25] showed that the random forest model performed better than the linear regression model for calibrating LCS. Johnson et al. [26] showed that the gradient boosting model using meteorological data as input could significantly improve the calibration of low-cost sensors compared with the linear regression method. Loh and Choi [27] calibrated sensors with SVM, k-nearest neighbors, random forest, and extreme gradient boosting algorithms using a web query of government-approved data to calibrate LCS. Wang et al. [28] verified the powerful calibrating capacity of machine learning algorithms by comparing multiple linear regression, support vector regression, and random forest regression models. The latest machine learning algorithms have been successfully applied to calibrate LCS [29]. Rengasamy et al. [30] applied a dynamically weighted loss function to improve the performance of deep learning models without modifying their architecture.




2.3. Band-Sensitive Calibration for Low-Cost Sensors


The public perception of air pollution is often more influenced by the level of bad air quality, shown in Table 1, than the actual value of measured concentration itself, since they are more familiar with the levels identified in the government regulations [31,32]. Concentrations related to the level of air quality are carefully determined to evaluate the potential health effect to public [33]. The Korean government has adopted four levels of PM2.5, as shown in Table 1. Different regulations and enforcements are applied to different levels. Accordingly, the particulate matter concentration near the upper or lower limits of individual levels require more-precise calibration than any other values. In conditions where the amount of the particulate matter is a little distance away from the limits, people are less sensitive to error in measurement. As a result, we argue that more-precise calibration should be conducted at the limits of two levels, which are designated “Bad” and “Very bad” in Korea, as shown in Table 1.



The novel idea in this research is to assign a different importance to errors in the machine learning training process, according to the concentration of particulate matter. This will make errors occurring in a specific band of concentration more sensitive to training. The contribution of this research is to suggest a methodology to improve calibration by giving more weights to errors in specific concentration bands than those outside the band. Users can set their band of interest, which should then be trained with a relatively high importance in a machine learning model, so that the model responds more sensitively to errors within the band. For example, those who have a stake in a specific particulate matter concentration can set a band around that concentration.



In locations such as nurseries and kindergartens, managing indoor particulate matters is an important issue to protect the health of babies and children. That is, especially in Korea, why those locations try to maintain indoor particulate matter below a level of “Bad”, i.e., Level III, and why their managers are more concerned with the concentrations near the limits of Levels II and III. This study is thus designed to provide better calibration near those limits for their more-accurate estimation by assigning specially devised weights to the concentrations near the limits. As an illustration, in-field concentrations of PM2.5 were measured using an LCS at the same location where an SMG was being operated. The measured data from the LCS were calibrated to the data of the SMG using an LSTM model. During training by the LSTM model for calibration, dynamic weight was applied to the loss function to make a certain band more sensitive to error.





3. Methodology


A recurrent neural network (RNN) is suitable for training sequences such as time series data because of its characteristic of updating the weights of neurons by recursively referencing the previous state of the output layer. However, a vanilla RNN model is known to have limited long-term dependency. Hochreiter and Schmidhuber [34] proposed the long short-term memory (LSTM) model which, by designing a neural network structure, can explicitly overcome the long-term dependency problem. The LSTM model conveys a current input sequence to each gate to control how much of the previous information should be conserved, and how much of the current information should be accepted.



As illustrated in Figure 1, the LSTM model was introduced with a dynamic weight as follows. The architecture of the LSTM model was identical to that of the original study [34]. However, errors are amplified in a band of interest in below process after feedforward propagation.



	
The errors are calculated from the outputs of the LSTM model and target values;



	
Errors occurred in the band of interest are amplified using their dynamic weight;



	
The loss is calculated by loss function, i.e., the mean square error (MSE) in this study, and the gradient is back-propagated to update weights and biases in the LSTM model.






The mean squared error (MSE) in Equation (1) is a common loss function for time series prediction and regression tasks, including calibration with the LSTM model. As it is literally the mean of squared error between the target and prediction, it indicates that there are no more- or less-important errors in training, regardless of the target value.


  M S E =   ∑   t = 1  T     (   Y t  −    Y ^   t   )   2  ,  
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     Y   t    is from SGM and      Y ^   t    is output from LSTM model


   Gaussian   weighted   MSE  =   ∑   t = 1  T    GW  t  ×    (   Y t  −    Y ^   t   )   2   



(2)






   Uniformly   weighted   MSE  =   ∑   t = 1  T    UW  t  ×    (   Y t  −    Y ^   t   )   2   



(3)






    GW  t  =  {      ae    −    (   Y t  − b  )   2    2  c 2      ,    |   Y t  − b  |  < c   2 ln a       1 ,    |   Y t  − b  |  ≥ c   2 ln a         



(4)






    UW  t  =  {     a ,    |   Y t  − b  |  < c   2 ln a       1 ,    |   Y t  − b  |  ≥ c   2 ln a         



(5)




where a, b and c are coefficients of a Gaussian function   f  ( x )  = a ×  e   (    −    (  x − b  )   2    2  c 2     )     .  T  is the length of target variable    Y t    and its prediction      Y ^   t   .



As shown in Figure 1 and Equations (2) and (4), we introduced Gaussian weights to MSE. The weight function is a symmetric shape with a peak. It smoothly decreases from the peak, especially slowly just around the peak. Simple Gaussian weight leads the LSTM model to ignore errors at very low or high target values because the Gaussian function converges to zero at the tails. As shown in Equation (4), a band determined by the coefficients of Gaussian function was introduced to overcome this ignorance. The Gaussian coefficient b determines the center of a band. The coefficients of a and c control the band width, which determines the boundary where the Gaussian weight is not less than one. Additionally, a uniformly weighted MSE in Equations (3) and (5) with the same height and width as the Gaussian case was also used for comparison. Figure 2 shows the weight functions that were introduced.



Figure 3 shows the input and output structure trained to the LSTM model. The blue, yellow, and green circles indicate the input data. The green circles also indicate the output target value. At each step, a set of rows in the gray frame was shifted into the model, just to convey the input sequences and target value to the LSTM model. The window-sized length of the input sequences in the grey frame was conveyed to train the model at the same time. The time step for the output could be set to one because calibration does not require multi-dimensional outputs. The task given to the LSTM model was calibration, which coercively adjusts the measurement from the LCS, indicated by the bold circle in the left bottom corner, to the target value from a reference measurement, the bold circle in the right bottom corner in Figure 3. Note that the output of the LSTM model is not a future value, but the present value at the same time.



The calibration performance of the LSTM model was evaluated by root mean squared error (RMSE) in Equation (6) and mean absolute percentage error (MAPE) in Equation (7) to complement each other. RMSE can be considered an error but it is scale-dependent on the target value. MAPE converts the error to percentage to overcome the disadvantage of the RMSE, but it is exaggerated at low target values. The calibration performance can be more-effectively evaluated by calculating both metrics.


  RMSE =    1 T    ∑   t = 1  T     (   Y t  −    Y ^   t   )   2     
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(7)








4. Experimental Setup and Preprocessing


4.1. Experimental Setup and Data Collection


Figure 4 and Figure 5 show the experimental setup at the Daejeon Institute for Health and Environment where the concentration of PM2.5 was measured by the SMG, using the beta-ray absorption method and gravimetric method, for public use in Daejeon city. A commercial LCS product containing a PMS 7003M manufactured by Plantower [35] was installed next to the air sampler of the equipment. The experimental installation required a roof to protect the sensor from rainfall and direct sunlight. The sensor was placed at the height of the air sampler to maintain a distance to avoid heat interference. There was no interruption of air flow near the sensor.



PM2.5 was measured every 10 s from May 2020 to August 2020 using the LCS with the PMS 7003M. The same PM2.5 was also measured by the SMG using a 5014i Beta Continuous Ambient Particulate Monitor from Thermo Fisher Scientific, Waltham, MA, USA [36]. The SMG measured every 5 min and its measurement was used as the target value in the LSTM model. The data from the LCS was averaged every 5 min to match the target values of the SMG. A total of 29,195 observations were used as the input sequence for the LSTM model.



Figure 6 shows the actual measurements by the LCS in gray and those by the SMG in black. Both measurements follow same trend but an overestimation is observed in the LCS measurement. Figure 7 describes the distribution of collected data using a histogram. The histogram shows positive skewness with a right tail.



Previous studies [23,25,26,27,28] suggested that integrating other factors, including air pollutants and meteorological data, improved the calibration performance of the LSTM model. This study, therefore, included those data for our analysis. The former was obtained from Air Korea which is an agency of the Korean Ministry of Environment, while the latter was from the Korea Meteorological Administration.




4.2. Data Preprocessing


Table 2 briefly shows all the data, with statistics. The missing values were simply imputed by the last observation carried forward method because their portion was negligible to the total observations and their individual durations were not long but only short segments, as shown in Figure 6. The data was normalized using Equation (8) before being trained by LSTM as input sequences. This was carried out to convert the data of different scales to a dimensionless one. The entire body of data was split into three sets, of training, validation, and test, representing 56, 14, and 30 percent of the total observations, respectively. To conserve the time-series order and continuity, k-fold cross validation was not applied. Data preprocessing and fittings were implemented in an R environment. Training and calibration process by LSTM model were implemented in a Google Colaboratory environment.


  X  ( t )  =   max  (  X  ( t )   )  − X  ( t )    max  (  X  ( t )   )  − min  (  X  ( t )   )    ,  



(8)




where   X  ( t )    is input for LSTM model.




4.3. Training and Hyperparameter Optimization


All the LSTM models in this study, with different combinations of Gaussian coefficients and types of weight given to the loss function, were evaluated by averaging the training and test results 20 times. For example, the LSTM model with a simple MSE loss function was trained and tested 20 times, and then the performance of this model was represented by the mean of the 20 different RMSEs and MAPEs. To guarantee that all the individual models were each the best in performance, each model was trained until it achieved its best performance. The results of many iterations required at least 1200 epochs to reach the global minimum of validation loss, i.e., the best performance, and hundreds of epochs after the global minimum, overfitting, appears. Therefore, an early stopping rule was devised so that each model stopped training unless a new minimum of validation loss appeared in 50 epochs after a threshold of 1200 epochs.



To more-accurately evaluate the LSTM models of the dynamically weighted loss function, used to calibrate the LCS measurements, the three parameters (a, b and c) in Eqn. 4 were adjusted and applied to the LSTM models. Their combinations are shown in Table 3, which indicates the sections whose related results are individually discussed.



Other hyperparameters of the LSTM model were also determined by trial and error, as shown in Table 4. It was sufficiently iterated to obtain the hyperparameters where the LSTM model achieved the best performance. The window size for the input sequence was determined to be 12, which means one hour, to reflect the short-term distorting factors. Stacking an additional layer improved the performance of the models. It was concluded that 10 hidden neurons were sufficient to learn the nonlinear relationship in the input data, while the performance of models with additional hidden neurons was poorer. The dropout technique was applied by randomly turning off 30% of the hidden neurons for each epoch to avoid overfitting.





5. Results and Discussion


5.1. Effect of Dynamic Weight on Calibration Performance


The Gaussian coefficients in Equation (4) controlled the weights at the peak and band width, and the LSTM models with their different combinations were compared with the RMSE in the band. It was obvious that the model’s performance depends on how the dynamic weight is given, because the model responds to errors in observations within the band. The Gaussian coefficient b was set at 20 and a fixed band represented a range of 15 to 25 of PM2.5. Coefficient a was changed from 2 to 6 by increments of 1, and coefficient c was changed from 3.5 to 20 by increments of 1.5.



The effect of band width on calibration performance can be observed in Figure 8. The tendency to incline in the right bottom direction indicates that the weight at peak, which means Gaussian coefficient a, mainly determined the performance in a band. It was confirmed that the RMSE value near the peak decreased as coefficient a increased, except when c was 3.5 and 5. In addition, calibration performance near the peak was improved. That is, the calibration performance near the peak can be improved by a given weight. The change in c had no effect. The best performance near the peak was when a = 6 and c = 20. It can be explained that the Gaussian function decreased more slowly near the peak as c increased. Therefore, observations in a fixed band would have similar weights for calculating loss.



The effect of dynamic weight on loss function is shown in Table 5. The use of a dynamically weighted MSE loss function improved the calibration performance meaningfully in terms of RMSE and MAPE. For the overall calibration performance, a Gaussian-weighted MSE with a coefficient (6, 20, 20) showed the best performance, with an RMSE of 3.06 and MAPE of 61.53. An improvement in calibration performance was observed in the band as the band width increased, while the peak weight and band center remained constant. This is thought to result because the weight decreases more slowly near the peak, as previously mentioned.




5.2. Effect of Different Weight Functions on Calibration Performance


Since coefficients a and c in both bands were similar when the best RMSE was observed, we chose (a, b, c) to be (6, 20, 20). In addition, then, LSTM models with differently weighted loss functions were compared to check the calibration performance within given individual intervals. In the data used as the test set, the interval was divided according to the target value of PM2.5 and the calibration performance. When the target value was very low, the MAPE was highly distorted and meaningless, so it was calculated from a target value of 6 or higher. Both graphs in Figure 9 clearly show that a weighted loss function near the peak improves the calibration performance, causing a trade-off at a concentration of PM2.5 above 30. That is, the RMSE and MAPE values in a given band improved, while they became worse outside of the band. Comparing the MSE with no weight and Gaussian-weighted MSE, under 27 the calibration performance was improved, but it deteriorated above 27. A better improvement and larger trade-off were observed for the uniformly weighted MSE.




5.3. Effect of the Center of the Weighted Band on Calibration Performance


We additionally checked the performance of the model by assigning the band center at 35 μg/m3 of PM2.5, as shown in Table 6. As shown in Figure 10, in the right-skewed data, it was predicted that, when the peak was placed in a section with relatively small observations (b = 35), the performance indicators—RMSE and MAPE—of a very low concentration are lower than those of other cases and, at the same time, they were not improved on the peak. Rather, it performed better by predicting better near the peak, not on the peak. It was even confirmed that the performance slightly improved when the peak was set at 20.



Figure 11 shows the calibration at (6, 20, 20), which exhibited the best calibration performance in Table 5. Its RMSE and MAPE are, respectively, 3.06 and 61.53. The measurement by LCS, shown in blue, was calibrated coercively and resulted in the green plot, which is very similar to the target plot in orange. This result illustrates that the calibration was successful.





6. Conclusions


Particulate matter has become a serious environmental issue, and public attention has resulted in heightened demand for daily information about the concentration of particulate matter. As a result, the economic LCS method has come to be widely used for various purposes. However, there is some concern about its inaccuracy due to distortions resulting from its technological limits, meteorological factors and other local environmental conditions. Previous studies have demonstrated that calibration using machine learning algorithms successfully eliminated the inaccuracy to a certain degree.



The present study applied a dynamic weight to the loss function of the LSTM model to obtain further improvement in the calibration of the LCS data. Since the calibration is a regression task, the MSE was used as the loss function in common. We customized the MSE loss function with two types of weights, Gaussian and uniform weights. The performance of the LSTM model with the loss functions was investigated with different combinations of coefficients. The best calibration performance with dynamically weighted loss function was 3.06 in terms of RMSE, improved by about 12.57% from 3.50, compared to the case without weights. The calibration performance only in the band improved from 4.25 to 3.77.



For our experiment and analysis, an LCS was installed at the research site to collect data under the same conditions as the reference concentration obtained by authorized government measurements. Data about distortion factors from previous studies were collected together. The hyperparameters were optimized by careful trial and error and individual models with different weights were implemented to find the best performance. The performance was evaluated using average RMSE and MAPE from iterations, to avoid random aspects, especially with regard to the initialization of weights and bias in the LSTM model. Further development for the generalization of the suggested calibration methodology can be achieved by setting up more sensors and measuring longer periods in future research.



It was concluded that further improvement in calibration could be achieved by applying dynamic weight to semi-abundant or abundant observations (i.e., big data). It is also suggested to apply dynamic weight on band wide enough to cover the full range of target values. When the Gaussian-shaped weight was applied, the calibration performance of the LSTM model smoothly improved, going to the tail. The uniform weight on a given band resulted in better calibration, but it also resulted in a larger trade-off out of the band. Therefore, the type of weighting function should be considered in relation to the purpose. In terms of the overall performance of the calibration model, the Gaussian weight was more recommendable than uniform weight in this study.



It should be noted that this study was based on a relatively simple task for the LSTM model, because calibrating LCS does not require multistep regression. If a more difficult task is given, and thus the LSTM model becomes more complex, the effect of dynamic weights may appear differently. In addition, it should be noted that the concentrations of particulate matter collected as data were relatively low. The application of our LSTM model to higher concentrations should be further tested in the future. The coefficients for weighting function in this study were optimized for each distribution by calculating the RMSE in a band.



Another notable lesson was that data distribution should be considered in advance, before determining the coefficients of dynamic weights. In this study, observations with PM2.5 concentrations larger than 33 μg/m3 were only 4.5%, 7.4%, and 1% of the training, validation, and test sets, respectively. It is thought that the positive skewness of data in this study resulted in the unsuccessful improvement at the right tail, while improvement was shown in the other parts of the observations.
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Figure 1. The concept of the LSTM model with a dynamic weight. After feedforward propagation, ① the errors are calculated from outputs of the LSTM and target values; ② some errors are amplified according to their dynamic weight; and ③ the loss is calculated by loss function, i.e., the MSE in this study, and the gradient is back-propagated to update weights and biases in the LSTM model. 






Figure 1. The concept of the LSTM model with a dynamic weight. After feedforward propagation, ① the errors are calculated from outputs of the LSTM and target values; ② some errors are amplified according to their dynamic weight; and ③ the loss is calculated by loss function, i.e., the MSE in this study, and the gradient is back-propagated to update weights and biases in the LSTM model.



[image: Sustainability 14 06120 g001]







[image: Sustainability 14 06120 g002] 





Figure 2. Two types of weights given to the loss function of the LSTM models: (a) Gaussian weight, and (b) uniform weight. 
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Figure 3. The task for the LSTM model and the structure of the input sequence and output. 
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Figure 4. The research site used to measure data with the low-cost sensor and the beta-ray sensor. 
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Figure 5. The experimental setup at the research site. The low-cost sensor is placed at the same height as the sampler of beta-ray sensor. The roof blocks direct sunlight and rainfall. 
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Figure 6. The example of measurement. The plots in gray and black represent the measurements by the LCS and SMG, respectively. 
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Figure 7. The bar histogram of collected PM2.5 concentrations. (The histogram shows positive skewness with a right tail.) 
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Figure 8. The change in RMSE in a fixed band with different coefficients for the dynamic weight. Coefficients a and c determine the height of the peak and the width of the band, respectively. The dynamic weight with coefficients at the black point on the graph showed the best calibrating performance in a fixed band with RMSE of 3.77. 
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Figure 9. The calibration performance of the LSTM models with different types of weight functions: (a) the RMSE in each interval; and (b) the MAPE in intervals. 
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Figure 10. The calibration performance of the LSTM models with different centers on the weighted band: (a) the RMSE in each interval; and (b) the MAPE in intervals. 
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Figure 11. The result of calibration using the LSTM model with Gaussian-weighted MSE loss function. Only the first 600 observations were plotted for visibility. 
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Table 1. The four levels of PM2.5 and their corresponding concentration in South Korea.
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	Level
	Good

(I)
	Normal

(II)
	Bad

(III)
	Very Bad

(IV)





	Concentration of PM2.5 (µg/m3)
	0~15
	16~35
	36~75
	76~










 





Table 2. Description of the measured and collected data.
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	Data
	Units
	Mean
	Median
	Standard Deviation
	Minimum
	Maximum





	PM2.5 (LCS)
	μg/m3
	24.63
	22.09
	19.03
	0.00
	121.62



	PM2.5 (SMG)
	μg/m3
	12.71
	10.00
	10.99
	0.00
	118.00



	CO2
	ppm
	433.95
	425.68
	25.27
	400.26
	550.00



	VOC
	ppm
	673.40
	519.29
	56.60
	9.89
	6172.90



	SO2
	ppm
	0.00
	0.00
	0.01
	0.00
	0.47



	CO
	ppm
	0.38
	0.3
	0.57
	0.10
	40.50



	O3
	ppm
	0.04
	0.03
	0.02
	0.00
	0.42



	NO2
	ppm
	0.01
	0.01
	0.01
	0.00
	0.05



	Temperature
	°C
	24.6
	24.7
	3.9
	12.7
	35.3



	Relative humidity
	%
	82.1
	87.1
	15.4
	26.5
	96.9



	Wind speed
	m/s
	1.40
	1.14
	1.08
	0.00
	8.48










 





Table 3. Experimental setup with Gaussian coefficients of the loss function.
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	Type of Weight
	a
	b
	c
	Section
	What Is Different
	Purpose





	Dynamic weight
	3.5 to 20 by 1.5
	20
	2 to 6 by 1
	4.1
	Width and height of band
	To check the performance in a band



	Both dynamic and uniform weight
	6
	20
	20
	4.2
	Width and height of band
	To check the performance in intervals



	Both dynamic and uniform weight
	6
	5, 20, 35
	5
	4.3
	Center of band
	To check the performance in intervals










 





Table 4. The hyperparameters for LSTM models.
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	Window Size
	Epoch
	Layer
	Hidden Neuron
	Learning Rate
	Dropout





	12
	1500
	2
	10
	0.001
	0.3










 





Table 5. Comparison of LSTM models with different combinations of coefficients in a Gaussian-weighted MSE loss function. All RMSEs and MAPEs are represented by their average and standard deviation in parenthesis.
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	The Type of Loss Function
	a
	b
	c
	RMSE
	RMSE in Band
	MAPE
	MAPE in Band





	MSE
	-
	-
	-
	3.50

(0.19)
	4.25

(0.23)
	68.38

(7.76)
	17.84

(1.50)



	GW 1
	6
	20
	3.5
	3.16

(0.16)
	4.06

(0.27)
	65.84

(8.13)
	16.80

(1.15)



	GW
	6
	20
	5
	3.12

(0.15)
	3.98

(0.21)
	67.67

(7.25)
	16.57

(0.91)



	GW
	2
	20
	8
	3.36

(0.33)
	4.10

(0.43)
	68.69

(11.90)
	17.16

(1.96)



	GW
	6
	20
	8
	3.08

(0.17)
	3.96

(0.21)
	67.85

(7.31)
	16.37

(0.89)



	GW
	6
	20
	20
	3.06

(0.11)
	3.77

(0.17)
	61.53

(7.23)
	15.42

(0.68)



	GW
	2
	20
	20
	3.39

(0.34)
	4.25

(0.46)
	67.54

(10.12)
	17.73

(2.05)







1 GW means the Gaussian-weighted MSE.













 





Table 6. Comparison of the LSTM models with different types and centers of weighted band. All RMSEs and MAPEs are represented by their average and standard deviation in parenthesis.
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	The Type of Loss Function
	a
	b
	c
	RMSE in (0,10)
	RMSE in (15,25)
	RMSE in (30,40)
	MAPE in (0,10)
	MAPE in (15,25)
	MAPE in (30,40)





	MSE
	-
	-
	-
	2.94

(0.22)
	4.25

(0.31)
	4.10

(0.30)
	107.15

(14.25)
	17.86

(1.46)
	9.74

(0.67)



	GW 1
	6
	5
	5
	2.62

(0.38)
	4.16

(0.41)
	4.57

(0.53)
	71.25

(14.10)
	17.42

(1.85)
	11.01

(1.41)



	GW
	6
	20
	5
	2.52

(0.21)
	3.98

(0.23)
	4.14

(0.32)
	107.67

(13.00)
	16.54

(1.01)
	9.95

(0.74)



	GW
	6
	35
	5
	3.34

(0.27)
	4.15

(0.27)
	4.46

(0.39)
	135.10

(17.41)
	16.95

(1.05)
	10.65

(0.89)



	UW 2
	6
	5
	5
	2.38

(0.26)
	4.12

(0.44)
	4.60

(0.38)
	78.84

(12.52)
	17.18

(1.97)
	11.10

(0.96)



	UW
	6
	20
	5
	2.42

(0.22)
	4.02

(0.26)
	4.36

(0.29)
	107.08

(13.17)
	16.71

(1.10)
	10.51

(0.69)



	UW
	6
	35
	5
	3.36

(0.25)
	4.08

(0.43)
	4.77

(0.40)
	141.39

(18.15)
	16.55

(1.77)
	11.39

(0.97)







1 GW means the Gaussian-weighted MSE and the 2 UW means the uniformly weighted MSE.



















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2022 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).



























media/file13.jpg
Numberof
observations

6000

W

Reference P25
wym’)

Eg

g





media/file4.png
Gaussian
weight

Uniform

i weight
B height
/Band height = and heig
1 1
_____ bi/ S bl ;
Band width Target value Band width Target value
(=cxv2lna) (= cxV2Ina)
(a) (b)





media/file18.png
RMSE

MAPE

RMSE in intervals

7.

—— MSE

~————  Gaussian-weighted MSE

Uniformly weighted MSE
6.
5.
v

4
3-

O i 0 ~]D 1§ w18 w2l ~P4 =2F ~30 ~33 ~36 ~30 ~42

PM2.5 concentration (ug/m’)
(a)
MAPE in intervals
351 ——— MSE
Gaussian-weighted MSE
Uniformly weighted MSE
30
25 1
201
15
e
10
~9 #19 w185 2 w18 221 2«94 =27 w30 33 =36 =39 =42

PM2.5 concentration (ug/ m’)

(b)






media/file21.jpg
PM?2.5 concentration (1g/m’)

2

— measured by low-cost sensor
—— target value
— calboted vlue.

T 00 ED 30 W0






media/file3.jpg
Gaussian

s o Band height
Band hoight o
.
b . b .
Band win gt Band width Torgevalue
<xvzin) (= cx vz
@ )





media/file22.png
PM2.5 concentration (ug/ m’)

30+

251

201

151

10+

—— measured by low-cost sensor
——— target value
—— calibrated value

' ,

i /T m :l ﬂ
\”‘! \\\ oy \\

\

O

100 200 300 400 500 600

Timestep






media/file19.jpg
RMSE

RMSE in intervals

i PM2.S concentration (ug/ i)

(@
MAPE in ntervals

: PM2. concenration (/)

(b)





media/file7.jpg





media/file23.png





media/file10.png





media/file14.png
6000
4000
Number of
observations
2000
0

0 40

Reference PM2.5
(Ug/m?)

80

120






media/file11.jpg
w0l
w0
oy
0!
ol
ameSIs MmO H00ss  Wm0sTs 300519

185500 113500 041500 205500 133500
Time





media/file6.png
Time series data (11 columns)

| \
All samples | h
(29,195 rows) '

' \ { | AW JTime step to

calibrate

Window size
(12 samples)

Other factors





media/file15.jpg





nav.xhtml


  sustainability-14-06120


  
    		
      sustainability-14-06120
    


  




  





media/file16.png
4
© !
© :
o 2 2 @ O
- <





media/file2.png
Error 4 Dynamicweight 4 Weighted errora
GW,|. GWe(Ye —Y)

€)

\ \

——~ Time Target value

( T

Time

Repeating

Repeating
structure

structure

Loss = mean squared weighted errors






media/file20.png
RMSE in intervals

6.01 —— Ppeak at abundant observations (b=5)
—=— Peak at semi-abundant observations (b=20)
55{ — Peak at scarce observations (b=35)

5.0
4.5

4.0

RMSE

3.5

3.01

2.5

2.01

PM2.5 concentration (ug/ m’)
(a)

MAPE in intervals

351 —— Peak at abundant observations (b=5)
—=— Peak at semi-abundant observations (b=20)
—— Peak at scarce observations (b=35)
301
25 1
%]
2 2
15
10+

~9 “F3 w8 2 <18 2«21 =24 2 w2) w30 2 ~38 =36 ~30 42

PM2.5 concentration (ug/ m’)
(b)





media/file5.jpg
All samples
(29,195 rows)

‘Time series data (11 columns)

00000

Other factors

]

Window size
(12 samples)

‘Time step to
calibrate





media/file1.jpg
Lo = mesnsquared weghtderrors





media/file12.png
801 | —— LcS !
— SMG
""" ' Missing values (%

Yo iiiaiard

60 - wo | ‘

PM2.5
wgmy) 0
20 1
0 3
2020-05-16 2020-05-17 2020-05-18 2020-05-18
18:55:00 11:35:00 04:15:00 20:55:00

Time





media/file9.jpg





media/file8.png





media/file17.jpg
RMSE in intervals

PM2.5 concentration (ug/ )
@
MAPE in inervals
”) [ w—
e

o PM2.5 concentation (bg/ )

(b)





