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Abstract:  10 

The data collected during long-term monitoring (LTM) of indoor environmental 11 

quality (IEQ) can reflect occupants’ exposure to contaminants and can be used to 12 

improve thermal comfort. As there are large differences among existing guidelines for 13 

IEQ monitoring of dwellings, it is important to identify a sampling method that balances 14 

data accuracy, sample size and cost. This paper reports the major findings that 15 

developed a systematic approach to determining the sample method for IEQ monitoring. 16 

In the study, LTM was carried out in 13 naturally ventilated urban residences in 17 

Kunming, China. We proposed the continuous sampling strategy (CSS) and discrete 18 

sampling strategy (DSS). Descriptive statistics was used to evaluate the performances 19 

of both strategies, and it was found that DSS could obtain more accurate data than CSS. 20 

Next, an algorithm was developed for calculating the optimal sampling frequencies for 21 

different parameters based on the Pearson correlation coefficient. We evaluated the 22 

required number of dwellings(RND) for various parameters that satisfied the statistical 23 
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confidence in Kunming and other four cities of China. We found that with the increase 24 

in the household number in one city, the RND will reach to a critical threshold and no 25 

longer increase anymore. Using this threshold and the simple random sampling 26 

principle, we also provide guidance for determining the RND for IEQ monitoring in 27 

residence. It is expected that the results of this study will facilitate the selection of 28 

sampling method for similar studies in the future, with reduced manpower and 29 

consumption but a representative sample. 30 

Keywords: Indoor environmental quality, Sampling strategy, Long-term monitoring, 31 

Pearson correlation coefficient, Sampling frequency 32 

 33 

Nomenclature 34 

TVOC Total volatile organic compound 35 

CO2  Carbon dioxide 36 

LTM Long-term Monitoring 37 

IEQ  Indoor Environmental Quality 38 

CSS  Continuous Sampling Strategy 39 

DSS Discrete Sampling Strategy 40 

PCC Pearson Correlation Coefficient 41 

RND Required number of dwellings.  42 

 43 

1. Introduction 44 

According to the National Human Activity Pattern Survey in the United States [1], 45 
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people spend about 87% of their time indoors, and this percentage is increasing. Indoor 46 

air quality (IAQ) and thermal comfort are key factors in the health of building occupants 47 

[2], because poor indoor environmental quality (IEQ) may lead to respiratory diseases 48 

or sick building syndrome [3]. In addition, ensuring clean and comfortable indoor air is 49 

an important public health goal [4]. The evaluation and analysis of IEQ commonly rely 50 

on field monitoring in actual buildings. Therefore, accurate monitoring becomes 51 

necessary for solving indoor pollution problems and improving people’s overall well-52 

being [5]. 53 

The analysis of IEQ normally involves both short-term monitoring (STM) and 54 

long-term monitoring (LTM). Because IEQ parameters can be affected by outdoor 55 

weather (daily and seasonally), human behavior and building attributes [6-8], 56 

incomplete and varying IEQ measurement results are common [9]. Because of the 57 

characteristics of IEQ parameters, it is necessary to monitor the residential environment 58 

for a longer time. In comparison with STM data, the data collected by LTM have several 59 

advantages: 1) LTM data enable the detection of peak concentration values [10]; 2) the 60 

data reflect real-time exposure to indoor pollutants [11]; and 3) the data can be used as 61 

feedback signals for real-time pollutant control [7]. Therefore, LTM techniques have 62 

been widely adopted to capture critical indoor environmental parameters, primarily 63 

temperature, humidity, as well as concentration of carbon dioxide(CO2), PM2.5, 64 

formaldehyde and total volatile organic compound (TVOC) [12]. In the collection of 65 

data by long-term monitoring, the quality of data will determine whether the data 66 

correctly reveal the basic conditions of relevant indoor parameters and represents the 67 
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characteristics of human exposure to pollutants [13].  68 

To reduce the effort and cost entailed by IEQ-related studies, we need to consider 69 

decisions about both data sampling strategies and sampling frequency [14]. Hui et al. 70 

[15] used CO2 as a reference to evaluate existing and proposed sampling schemes for 71 

indoor pollutant concentration in terms of the necessary sampling time and sampling 72 

point density and the probable errors induced at certain confidence levels of the 73 

measurement. In Hong Kong, continuous sampling [16] for a measurement period of 8 74 

h has been generally adopted to determine the average pollutant concentration in a 75 

workplace. Since building-related contaminants normally peak in the morning in 76 

workplaces, and occupant-related contaminants in the afternoon, Mui et al. [17] 77 

proposed a new sampling strategy that uses the average concentration of two random 78 

measurement samples. According to the results, as compared to the typical 8-h 79 

measurement period of a continuous sampling method in Hong Kong, the measurement 80 

time with the new method could be reduced by up to 30%. Christopher [18] analyzed a 81 

rich data set and found that indoor particle events tend to be brief, intermittent, and 82 

highly variable. Hence, to characterize sources of PM in indoor environments, he used 83 

both continuous and time-integrated sampling instruments to simultaneously measure 84 

indoor/outdoor (I/O) particle mass concentration. Based on the different characteristics 85 

of indoor air parameters, previous studies have often used different monitoring and 86 

sampling methods, but a unified conclusion has not been formed. Furthermore, the 87 

sampling strategy and sampling frequency usually depend only on the sampling 88 

precision of the instrument and the labor cost [19]. A comprehensive IEQ data sampling 89 
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method along with IAQ audit methodology for buildings should be established for 90 

identification of indoor air problems.  91 

Both sampling frequency and sampling strategies have been addressed in existing 92 

standards from different countries and regions, as summarized in Table 1. These 93 

standards recommend sampling frequencies for various major IEQ parameters. For 94 

example, for formaldehyde, China’s GB/T18883 standard [20] recommends taking the 95 

daily average. The list in Table 1 also includes different sampling periods, either real 96 

time (WHO [21]) or an 8-hour average (US-EPA [22]). The sampling periods for 97 

formaldehyde, PM2.5 and VOC also differ in these standards. According to the Indoor 98 

Air Sampling and Evaluation Guide [22] formulated by the U.S. Environmental 99 

Protection Agency, monitoring strategies for indoor air pollutants should be evaluated 100 

in terms of the pollutants’ exposure level, exposure time, pollutant toxicity and 101 

pollutant concentration. The above standards have usually relied on previous 102 

experimental results and experience in establishing the threshold value [23]. But 103 

because of the different background of the experiment, different countries and regions 104 

have very different requirements for the same IEQ parameter. Furthermore, according 105 

to WHO, there is insufficient evidence that indoor pollutants do not cause adverse 106 

effects when they fall below the thresholds in the standards [21]. Therefore, short-term 107 

measurement and the threshold concentrations proposed by the standards may not be 108 

enough. In order to study IEQ and ensure the health and thermal comfort of occupants, 109 

we may also need to study the sampling frequency and sampling strategies of LTM.  110 
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Table 1 Varying regulations for threshold concentration and sampling period of IEQ parameters in 111 

residential buildings 112 

Index Sampling period 
Threshold 

concentration  

Carbon dioxide (ppm)  

 China-GB/T18883[20] 24-hour average 1000 

 
China HK [24] 

Good level 8-hour average 1000 

 Excellent level 8-hour average 800 

 WHO-Europe[25] 1-hour average 900 

 Singapore[26]  8-hour average 1000 

 
NIOSH[27] 

 8-hour average 5000 

  15-min average 30000 

 Canada[28]  real time 3500 

 
UK[29] 

 15-min average 15000 

  5-min average 5000 

 Australia[30]  15-min average 30000 

 US-EPA[22]  real time 800 

PM2.5(µg/m³)  

 
WHO[21] 

annual average 10 

 24-hour average 25 

 
Canada-EGR 

1-hour average 100 

 real time 40 

 China- JGJ/T 309 24-hour average 75 

 US-EPA   24-hour average 65 

Formaldehyde (µg/m³)  

 Canada-EGR real time 120 

 
WHO 

30-min average 100 

 real time 200 

 Singapore  8-hour average 120 

 NIOSH  15-min average 0.1ppm 

 UK  15-min average 2500 

 Australia   15-min average 2500 

 US-EPA  8-hour average 920 

 China-GB/T18883 24-hour average 100 

 China-GB/T50325[31] 24-hour average 100 

 
China HK-IAQC 

Good level 30-min average 100 

 Excellent level 30-min average 70 

TVOC(µg/m³)  

 Singapore  real time 3ppm 

 China-GB/T18883 real time 600 

 
China HK-IAQC 

Good level 8-hour average 600 

 Excellent level 8-hour average 200 

 China-GB/T50325 real time 600 

Temperature(℃)  

 Singapore  

real time 

22.5-25.5 

 
China-GB/T18883 

Summer 19-21 

 Winter 16-24 

 
American-ASHRAE 

Summer 23-26 

 Winter 21-23 

 
Europe-AQGE 

Summer 22-28 

 Winter 16-24 

 
China HK-IAQC 

Good 8-hour average 25.5 

 Excellent 8-hour average 20-25.5 

Relative Humidity（%）  

 Singapore  real time <70 
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China-GB/T18883 

Summer 40-80 

 Winter 30-60 

 
Europe-AQGE 

Summer 40-80 

 Winter 30-60 

 
Canada-EGR 

Summer 30-80 

 Winter 30-55 

 
American-ASHRAE 

Summer 50-60 

 Winter 20-30 

  China HK-IAQC Good 8-hour average <70 

Moreover, to obtain the average levels of residential indoor pollutants in a specific 113 

region, an appropriate number of dwellings are generally required in LTM. To study 114 

the risk of sick building syndrome in air-conditioned spaces, Cheung et al. [32] 115 

investigated the IEQ in 8 dwellings with different building areas, orientations and 116 

numbers of residents. Mentese et al. [33] carried out an LTM study in 121 dwellings 117 

located in three cities/towns in Turkey, to explore the relationship between respiratory 118 

diseases and indoor pollutants. Lim et al. [34] selected 25 apartments for a study of the 119 

relationship between IEQ and occupant health in energy-efficient dwellings. The 120 

purposes of these studies were different, but a large sample size would increase the 121 

financial cost of monitoring systems [35]. Therefore, it is meaningful to discuss the 122 

effect of the required number of dwellings (RND) on the results in a given region. 123 
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Figure 1 Sampling process of long-term monitoring data on residential indoor air quality  124 

Hence, this study suggested that the IEQ data sample for LTM is determined by 125 

the sampling strategy, sampling frequency and RND, as shown in Fig. 1. The purpose 126 

of this work was to identify a suitable data sampling method for evaluation of IEQ, by 127 

means of the following steps: 1) study the periodic fluctuation characteristics of IEQ 128 

parameters in residential buildings, so as to propose sampling suggestions; 2) propose 129 

and compare continuous and discontinuous sampling strategies for different IEQ 130 

parameters; 3) design an algorithm based on the Pearson correlation coefficient to 131 

optimize the sampling frequency for various parameters, combining the experimental 132 

data for these parameters; and 4) calculate the RND for studying indoor air parameters 133 

according to seasonal and daily fluctuations, and for five cities in different building 134 

thermal zones in China. The method developed here will help researchers in the future 135 

to balance the required sample size and financial restrictions. 136 

2. Methods 137 

2.1 Data sources and long-term monitoring (LTM) method 138 

To compare different LTM sampling strategies, this study employed IEQ-related 139 

field data collected from 13 residential buildings in Kunming, China, as shown in Fig. 140 
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2. The study focused on dwellings in the moderate climate zone of China. The buildings 141 

generally did not use heating and air conditioning systems, but only natural ventilation 142 

to regulate the indoor environment[36]. In order to analyze the impact of outdoor 143 

parameters on IEQ, we obtained the data of outdoor air parameters. The outdoor CO2 144 

concentration was measured by an IKAIR sensor that was located at the balcony of 145 

dwelling. The balcony was directly exposed to the outdoor environment and was not 146 

affected by indoor air conditions[8]. Outdoor PM2.5 concentrations were provided by 147 

the China National Environmental Monitoring Centre, which were collected from the 148 

nearest local meteorological and air quality station close to these dwellings[37]. The 149 

average outdoor PM2.5 concentrations of Kunming is 39 ug/m3 during the monitoring 150 

period, which is one of the lowest among Chinese major cities[38]. By monitoring the 151 

outdoor and indoor CO2 concentration, we noticed that the concentration difference is 152 

small[8]. Hence, the local outdoor pollution had less impact on IEQ. The main source 153 

of indoor pollutants was from indoors [39]. The case-study building was a high-rise 154 

structure, which is a common type of residential building in China [40]. The building 155 

dedication year has a greater impact on the intensity and decay rate of indoor pollution 156 

sources such as formaldehyde [41].  157 

The long-term monitoring system for IEQ employed in this study was an integrated 158 

system with various gaseous sensors that monitored CO2, PM2.5, and formaldehyde 159 

concentrations, air temperature and relative humidity with a sampling period of one 160 

minute. In each dwelling, we placed one IKAIR sensor in the bedroom and one in the 161 

living room. The sensor is installed in the center of the monitored room, with a height 162 
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of 1.5 m. According to previous published research [8], we can see that there a little 163 

difference in the monitoring results of various parameters between the bedrooms and 164 

living rooms of residences. Thus, we did not consider the effect of sampling locations 165 

in this study. The influence of sampling location on parameters is complicated, which 166 

is beyond the objective of this study. Therefore, this paper will not carry out in-depth 167 

discussion in this perspective. Table 2 lists the primary specifications of the sensors in 168 

this system. The data collected by the sensors are dynamically sent to a data center 169 

through the dwellings’ Wi-Fi networks. Detailed information about the LTM system 170 

can be found in Liu et al. [37]. 171 

 172 

Figure 2 Long-term monitoring in residential buildings in Kunming  173 

Before and after the monitoring, sensor calibration was carried out in a 1 m³ 174 

integrated chamber, with a Dusttrak 8530, PB-RAE, temperature and humidity 175 

measuring instrument for the detection of PM2.5, formaldehyde, temperature and 176 

relative humidity, respectively. The Laskin atomization method [42] was employed to 177 

generate the particles and formaldehyde using standard sources, DEHS and trimetric 178 

formaldehyde. A constant temperature and humidity environmental cabin were used to 179 

measure the calibrated temperature of the sensor. The temperature measurement range 180 
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of the environmental chamber was -70–150 ℃ with an accuracy of 0.1 ℃, and the 181 

relative humidity measurement range was 20–98% with an accuracy of 0.1%. The 182 

calibration process exhibited a high regression coefficient of 0.99, indicating the high 183 

reliability of the measurement devices used in this study. 184 

Table 2 Information about sensors used for long-term monitoring of IEQ 185 

 
Measurement principle Measurement range Accuracy 

PM2.5 (ug/m³) Laser scattering  1-1000 ± 1 

Formaldehyde (ug/m³) Electrochemistry 0-5000 ± 20 

Temperature (ºC) Thermal resistor -40-125 ± 0.35 

Relative humidity (%) Humidity sensitive resistor 30-100 ± 3 

Carbon dioxide (ppm) Carbon dioxide resistor 400-10000 ± 30 

2.2 Sampling strategies 186 

This study proposed a continuous sampling strategy (CSS) and a discrete sampling 187 

strategy (DSS). Fig. 3 explains the difference between the two strategies by using a 188 

single day of formaldehyde measurements in a house as an example. The data are 189 

expressed in one-dimensional time-series graph and two-dimensional stacked graph. 190 

Fig. 3(a) shows the raw data obtained by measurement at a frequency of once per minute. 191 

In Fig. 3, the ordinate is the 24 hours within a day and the abscissa applies the time 192 

series of 60 minutes within each hour. Therefore, there are a total of 60×24=1440 data 193 

points as presented in Fig. 3(a). Varied data points can be extracted from the raw data 194 

by different sampling strategies, as shown in Fig. 3(b) and (c). For the DSS, one data 195 

point of the indoor parameters is acquired at each sampling time; thus, the data points 196 

collected by this method have no continuity in time. Meanwhile, as displayed in Fig. 197 
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3(b), formaldehyde concentration data points were sampled every three minutes. As 198 

shown in Table 1, the DSS exhibits significant differences across existing IEQ 199 

standards, and currently there is no conclusive reference for the appropriate DSS. For 200 

the CSS, data were sampled continuously. This continuity refers to the continuity of 201 

sampling of the raw data, so data are sampled at a certain sampling frequency to obtain 202 

multiple data points, as shown in Fig. 3(c). Therefore, the data represent IEQ conditions 203 

within a short period. As shown in Table 1, the CSS has commonly been employed in 204 

existing IEQ standards to determine the mean concentrations of indoor air pollutants, 205 

with duration of 8 hours, 24 hours or 1 year. Within these sampling durations, however, 206 

there are different frequencies for the data sampling. Nevertheless, the evaluation of 207 

IEQ was based on the average of the sampled data during the monitoring period. 208 

 209 

Figure 3 Principles of the DSS and CSS for the sampling of raw data 210 

2.3 Data preprocessing method 211 

Different indoor air parameters have different dimensions and orders of magnitude. 212 
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To evaluate and compare the sampling strategies for different IEQ parameters in 213 

parallel and to improve the credibility of the research results, it is necessary to 214 

preprocess the raw data obtained from LTM [43]. Commonly used data preprocessing 215 

procedures include missing value filling and data standardization processing [44]. Data 216 

standardization refers to scaling of the data to a small specific interval. After 217 

standardization, the data is transformed into a dimensionless pure value, so that 218 

comprehensive evaluation and analysis can be carried out. The z-score standardization 219 

method can be used. The processed data conform to the standard normal distribution; 220 

that is, the mean value is 0 and the standard deviation is 1, with the standardized form 221 

of data calculated by Eq. 1, 222 
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where matrix Ai(i=1,2,……n) represents the raw data time series for LTM of IEQ 223 

parameters; i=1,2, … … n represent the time scale dynamically measured IEQ 224 

parameters in the time series; μA and δA are the mean value and the standard deviation, 225 

respectively, of the raw data.  226 

2.4 Evaluation method for various sampling strategies 227 

The Pearson correlation coefficient (PCC) is one of the most widely used 228 

relationship measures [45] and is a statistical metric for the strength and direction of a 229 
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linear relationship between two random variables[46]. Based on this attribute of PCC, 230 

we can use it to measure the correlation between the samples and the raw data to 231 

evaluate the performance of the two sampling strategies. In this study, there are two 232 

random variable matrices: raw data Ai(i=1,2,……n) and samples Bi (i=1,2,……n). The 233 

definition matrix Bi(i=1,2,……n) represents the sampled data obtained by sampling the 234 

raw data using the DSS or CSS. The PCC of matrices Ai and Bi is formally defined as 235 

the product of the covariance of two random variables divided by their standard 236 

deviations (which acts as a normalization factor). If each variable has n scalar 237 

observations, then the PCC of a certain IEQ parameter can be expressed by Eq. 2 [46], 238 
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Here, μA and δA are the mean and standard deviation of Ai(i=1,2, ……n), 239 

respectively, and μB and δB are the mean and the standard deviation of Bi (i=1,2, ……n), 240 

respectively. The correlation coefficient R(A, B) ranges from -1 to 1. The closer the 241 

absolute value of R(A, B) to 1, the stronger the correlation between the two random 242 

variables.  243 

2.5 Algorithm to determine sampling frequency  244 

The quality of various sampling strategies can be assessed on the basis of the source 245 

data by means of correlation analysis. Since correlation analysis determines the optimal 246 

sampling frequency from the marginal value between correlation and frequency 247 

increase [47], it has been widely used to compare different data sampling strategies [45]. 248 
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In this study, the correlation analysis was implemented in Python with the algorithm 249 

shown in Fig. 4.  250 

 251 

Figure 4 Algorithm for obtaining the optimal sampling frequency by correlation analysis 252 

The algorithm reaches the optimal sampling frequency SF by continuously 253 

increasing the sampling interval SI. Each cycle uses the new SI as an intermediate 254 

variable to iterate the value of SF. The iteration uses PCC parameter R between the 255 
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sampled data and the source data as the indicator variable. It updates the SI values until 256 

iteration stops when R is less than the critical Pearson correlation coefficient (CPCC) 257 

or passes the significance test P = 0.01. We looked up the CPCC value when P = 0.01, 258 

and the polynomial regression curve of the CPCC data was fitted in this study as shown 259 

in Fig. 4. The fitted regression curve accurately represents the condition of the loop 260 

termination in the algorithm. 261 

  
(3) 

In Eq. 3, Rcri and n represent the CPCC and the final sampling size, respectively. 262 

After testing, the polynomial regression curve represented the critical correlation 263 

coefficient with a degree of fit equal to 0.936. To avoid accidental error, at least 10 264 

iterations were performed unless the R values converged. The effect of data 265 

dimensionality reduction was also analyzed after the optimum had been reached. 266 

2.6 Method for determining RND 267 

The sampled RND is an important factor in the time, cost and effort required for 268 

data collection. In the determination of the appropriate sampled RND n for a specific 269 

region, the choice of n from the total RND n = 13 is crucial in longitudinal studies to 270 

ensure that the results are representative for that region. Based on simple random 271 

sampling, n depends on the degree of overall difference, the allowable error, the 272 

confidence level and the adopted sampling method [48]. After these four items have 273 

been confirmed, n can be obtained by referring to the value that produces the minimum 274 

sampling error. In the simple random sampling method, n can be determined from Eq. 275 

-19 6 -15 5 -12 4

-9 3 -5 2

=7.98 10 2.8 10 4.1 10

103.06 1.26 0.0031 0 50 .4

criR n n n

n n n

  −   +  

−   +   − +
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4, 276 

  (4) 

where N is the total RND in the region; x
—

 is the overall average of the results for n 277 

dwellings; Δx

—

 is the limited error of the x
—

; σ is the overall standard deviation; and z is 278 

the degree of probability, which is directly connected to the degree of confidence with 279 

a probability function of F(z). In simple random sampling, F(z) refers to the normal 280 

distribution function. When N is sufficiently large (n/N ≤ 5%), the RND = n can be 281 

determined by simplifying Eq. 4 into Eq. 5,  282 

, if n/N≤5% (5) 

3. Results and discussion 283 

3.1 Heat map analysis of IEQ characteristics 284 

Fig. 5 shows the indoor environment in the living room of one dwelling in the case-285 

study building, with a monitoring period from 1st January to 12th December. In general, 286 

IEQ parameters would have certain changes in characteristics with time [49]. These 287 

characteristics are related to residents’ behavior, environmental conditions and outdoor 288 

meteorological parameters. A heat map was produced for this dwelling, including 289 

annual indoor CO2, formaldehyde, PM2.5, TVOC, relative humidity, temperature. This 290 

map displays the concentration fluctuation characteristics of the measured data for each 291 

parameter during the overall monitoring period. The vertical axis represents the first 292 

week of the study. To display the characteristics of the parameters in different quarters 293 

more clearly, months were used as the vertical axis labels. In addition, to show the data 294 

characteristics of each parameter at different times during one day, the data for a 24-295 
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hour period was used to represent the indoor environmental quality for this week. The 296 

24-hour data were the average of the continuous measurement data for the seven days 297 

of the week; therefore, they indicate the parameter characteristics for the week. The 298 

horizontal coordinate is in hours, from 0 to 24 hours. Analysis of the heat map allows 299 

the effects of residents’ behavior, environmental conditions and outdoor parameters on 300 

the long-term measurement data to be identified. Next, the sample duration can be 301 

calculated, the sampling frequency that best represents the indoor air quality can be 302 

determined, and the appropriate sampling strategy can be proposed. 303 

 
 

(a) Carbon dioxide (b) Formaldehyde 

  

© PM2.5 (d) TVOC 
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(e) Relative humidity (f) Temperature 

Figure 5 Heat map of measured carbon dioxide, formaldehyde, PM2.5, TVOC, relative humidity and 304 

air temperature for the 2017–2018 period in a dwelling in Kunming, China 305 

According to previous research[8, 50], indoor CO2 emission sources mainly 306 

involve human breathing and fuel combustion in kitchen. Hence, it is generally believed 307 

that these two sources of CO2 are present only when the residents are at home [51]. CO2 308 

is an indicator of the general level of air pollution related to the presence of humans 309 

indoors and can therefore reflect the level of human exposure [52]. It can be seen in Fig. 310 

5(a) that the concentration of CO2 changed with time. In the course of a day, both the 311 

value and the gradient of the concentration varied greatly. As shown in Fig. 5(a), the 312 

CO2 concentration value was much higher during the periods from 11:00 to 15:00 and 313 

from 19:00 to 21:00 than during the rest of the day. The value between 7:00 and 10:00 314 

was also higher than the daily average. The value was significantly lower during the 315 

period from 0:00 to 7:00. From this measurement, it can be concluded that the outdoor 316 

CO2 concentration was quite stable at about 400 ppm, so the change in CO2 317 

concentration indoors was driven mainly by indoor sources. The peak CO2 318 
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concentration was maintained for the most part in the 460–480 ppm range, which meets 319 

the requirements of the Chinese IEQ standard (GB 18883). According to the peak 320 

concentration of CO2 on the heat map, cooking behavior increased with the indoor CO2 321 

concentration during meal times, especially at lunch and dinner. Therefore, attention 322 

should be paid to sampling periods with high CO2 concentrations, especially during 323 

cooking times. Large variations in the average value and the gradient of the CO2 324 

concentration can reflect the occupants’ behavior, e.g., the fact that the residents are at 325 

home. Hence, obtaining more detailed information requires high-frequency sampling. 326 

Meanwhile, changes in the indoor formaldehyde concentration throughout the year 327 

are shown in Fig. 5(b). The peak concentration of formaldehyde within a day mainly 328 

appeared at daytime from 10:00 to 21:00, and the concentration of formaldehyde is 329 

relatively lower at night. Moreover, the gradient of formaldehyde in different seasons 330 

within a year is also large. Among them, the peak value of formaldehyde mainly 331 

appeared in summer (June, July, and August). As shown in Fig. 5(b) and (f), it can be 332 

deduced that the change of temperature will cause the change of formaldehyde 333 

concentration. The results is similar to another research, which reported the 334 

formaldehyde emission from decoration and furniture materials surfaces is closely 335 

correlated with air temperature [53]. In some cases, high formaldehyde concentrations 336 

are difficult to predict, so the best observation times for formaldehyde concentration 337 

can be determined by monitoring the periods with high air temperature.  338 

As shown in Fig. 5(c) and (d), PM2.5 and TVOC concentrations did not fluctuate 339 

significantly in the course of a day. However, the variations from one week to another 340 
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were large. In Fig. 5(c), it can be seen that the PM2.5 concentration had relatively high 341 

values from November to April, when the outdoor PM2.5 concentration was high. Fig. 342 

5(d) indicates that the concentration of indoor TVOCs was relatively high in January, 343 

February, and from August to December, but low in other months. It is generally 344 

believed that indoor TVOCs are emitted mainly by building and decoration materials 345 

[54] and are independent of air temperature and humidity; therefore, the main factor in 346 

the concentration is the air change rate of the dwelling. In autumn and winter, occupants 347 

tend to close windows and doors so that the air exchange rate is lower than in other 348 

seasons, which may have caused the increase in TVOC concentration. The indoor 349 

PM2.5 concentration exhibited a similar trend to that of the TVOCs, as can be seen in 350 

Fig. 5(c). The PM2.5 and TVOC concentrations did not vary greatly in the course of a 351 

day, possibly because the occupants were nonsmokers or did not smoke inside the 352 

dwellings [55]. Above all, when detecting PM2.5 and TVOC concentrations, it is 353 

recommended that the effects of the season and the fluctuations within months and 354 

seasons be taken into account. 355 

It should be noted that temperature and humidity vary greatly from season to season. 356 

As shown in Fig. 5(e), the relative humidity in July, August, September and October is 357 

high (65–75%), and the relative humidity values from February to June and in 358 

November and December are low. It can be seen in Fig. 5(f) that the distribution of the 359 

temperature heat map is also related only to the month. May through October are the 360 

peak months, with a temperature range of 16—22 °C, and the temperature in the other 361 

months is lower, ranging from 5°C to 13 °C. The dwelling in this study was located in 362 
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the moderate climate zone of China, with small annual temperature differences and 363 

discrete dry and wet seasons. Summer and autumn in this region are rainy, and the 364 

outdoor humidity is relatively high. Therefore, on the heat map, the measured relative 365 

humidity inside residential buildings in summer and autumn is relatively high, and the 366 

temperature in summer is also relatively high. However, the temperature and humidity 367 

did not fluctuate significantly in the course of a day. Therefore, it is recommended that 368 

the seasonal characteristics be taken into account when sampling. Since a numerical 369 

gradient was observed only from week to week, the sampling of temperature and 370 

relative humidity can be performed at a weekly frequency. 371 

Fig. 5 presents all the data collected for the dwelling throughout the year. The figure 372 

also shows detailed characteristics as follows: 1) according to periodic variation 373 

characteristics of CO2, formaldehyde, PM2.5, TVOC, relative humidity and air 374 

temperature, the cyclical behavior of the occupants in residential dwellings can be 375 

preliminarily observed; and 2) there are large differences between IEQ parameters, so 376 

the sampling strategy should be formulated according to the time fluctuation 377 

characteristics of the parameters. 378 

3.2 Evaluations of different sampling strategies 379 

In the study, we evaluated two sampling strategies: the discrete sampling strategy 380 

(DSS) and the continuous sampling strategy (CSS). With the use of continuously 381 

measured data for six parameters, PM2.5, formaldehyde, TVOC, CO2, temperature and 382 

relative humidity, in a residence in Kunming throughout the year, sampling with 383 

different measurement intervals was performed by means of the DSS and CSS.  384 
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The sampling period was set to hours, days and weeks. And in each sampling period, 385 

i samples were chosen from the raw data. The sampling method is abbreviated as 386 

Sampling Strategies (SS) - Sampling period-i. Different sampling strategies will extract 387 

the same amount of data during the same sampling period. Therefore, the final sample 388 

sizes obtained by the two sampling strategies were the same. 389 

Statistical analysis could easily and intuitively process an array of time series data. 390 

it plays an important role in comparing the representativeness of data obtained under 391 

different sampling strategies. In this study, frequency distribution histogram analysis 392 

and descriptive statistics analysis were performed on different parameters. Considering 393 

that Pearson Correlation Coefficient (PCC) can be used to calculate the correlation 394 

between two arrays, by comparing the PCC calculated by raw data and the sampled 395 

data, we can obtain the optimal sampling strategy. 396 

3.2.1 Effects of different sampling strategies on data distribution 397 

Using the CSS and DSS, we sampled the annual data for PM2.5 and CO2 in the 398 

case-study dwelling. In order to compare the distribution of the sampled data with the 399 

raw data, a histogram of the frequency distribution under different sampling frequencies 400 

was plotted, as shown in Fig. 6. The IEQ data were sampled at frequencies of hours, 401 

days and weeks.  402 
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Figure 6 Density of distribution of PM2.5 and CO2 concentrations at various frequencies under the 403 

DSS and CSS in a single dwelling in Kunming, China; histograms (a), (b) and (c) refer to CO2, and (d), 404 

(e) and (f) refer to PM2.5 405 

The density distribution exhibited a positive trend with the sampling frequency, as 406 

shown in Fig. 6. According to Fig. 6(a) and (d), when CO2 and PM2.5 were sampled at 407 

a frequency of once every 3 hours, the density distribution under both the CSS and DSS 408 

was close to that of the data source. When the sampling frequency was once every 3 409 

hours, the density distributions under the CSS and DSS have little difference. With a 410 

sampling frequency of 3 days as shown in Fig. 6(b) an©(e), the density distribution 411 

under the CSS differed greatly from that under the DSS. When the sampling frequency 412 

was reduced to once every three weeks as shown in Fig. 6(c) and (f), the distributions 413 

of the DSS and CSS differed more strongly. Moreover, the DSS generally yielded a 414 

better comparison with the raw data, especially for the peak values. The data sampled 415 

Jo
urn

al 
Pre-

pro
of



under the CSS fluctuated less, with a more scattered distribution. The density 416 

distribution in general prohibits a lognormal distribution. From the above, it can be 417 

concluded that the sampling frequency should be on the order of hours or days, but no 418 

less frequently than week for CO2 and PM2.5. 419 

3.2.2 Impact of different sampling strategies on descriptive statistics  420 

The study investigated not only the average value but also the standard deviation, 421 

coefficient of variation, partial peak, and kurtosis value. The average value indicates 422 

the overall level of the sample, and the standard deviation and coefficient of variation 423 

reflect the degree of dispersion of the data. The skewness and kurtosis value measure 424 

the degree of skewness and flatness of the distribution, respectively. The maximum and 425 

minimum values indicate the data range. It is recommended that a sampling strategy be 426 

selected that has closer agreement with the raw data as well as fewer data points. 427 

Table 3 Comparison of DSS and CSS by descriptive statistics for PM2.5 and CO2 428 

Sampling 

strategy 
Mean 

Standard 

deviation 

Correlation 

of variance 

Partial 

peak 
Kurtosis 

Mini

mum 

Maxi

mum 

Data 

points 

PM2.5 

 Raw data 30.4 24.33 0.8 3.4 28.6 0 852 384694 

 
DSS-

Hour-3 
30.43 24.55 0.81 3.41 25.5 0 489 19235 

 
CSS-

Hour-3 
29.8 23.56 0.79 2.73 13.61 0 243 19236 

 
DSS-

Day-3 
30.86 24.39 0.79 2.73 13.43 1 229 802 

 
CSS-

Day-3 
30.29 23.74 0.78 2.74 13.58 1 213 802 

 
DSS-

Week-3 
32.21 25.58 0.79 2.92 13.4 2 189 115 
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CSS-

Week-3 
29.57 31.85 1.08 4.39 22.49 1 213 117 

Carbon dioxide 

 Raw data 
427.8

1 
27.59 0.06 5.59 133.26 400 2087 384694 

 
DSS-

Hour-3 
427.9 29.42 0.07 11.9 526.91 400 2070 19236 

 
CSS-

Hour-3 

427.9

1 
27.55 0.06 4.79 63.57 400 1121 19235 

 
DSS-

Day-3 

428.2

9 
27.23 0.06 4.53 45.51 400 800 802 

 
CSS-

Day-3 

428.7

9 
24.71 0.06 1.91 4.26 400 548 804 

 
DSS-

Week-3 

434.1

3 
44.62 0.1 5.35 39.8 400 800 115 

 
CSS-

Week-3 

426.5

7 
24.35 0.06 2.48 8.65 400 538 117 

In previous studies, the maximum, minimum and average values have been used 429 

as evaluation criteria. The mean values differed by less than 5.9% between the DSS and 430 

CSS. The standard deviation and coefficient of variation for PM2.5 varied greatly with 431 

sampling frequency under the DSS. The accuracy of the monitoring instrument of CO2 432 

is ±30 ppm, yet the standard deviation of the data is lower than the accuracy. Therefore, 433 

we do not study the average of CO2. According to a comprehensive analysis of peak 434 

and kurtosis values for CO2 and PM2.5, the DSS exhibited closer agreement with the 435 

raw data. The maximum value also indicates a closer agreement under the DSS than the 436 

CSS. The number of data points is another important factor in the choice of sampling 437 

frequency.  438 

We noticed that the peak concentration of CO2 is an important IEQ parameter. 439 

Since if the maximum of CO2 is high, more fresh air needed to be supplied to the house 440 
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to improve the IAQ. According to Table 1, the threshold peak concentration of CO2 in 441 

China is 1000 ppm, while in WHO is 900 ppm. Table 3 shows the maximum obtained 442 

by DSS is much higher than CSS and is closer to the raw data. In other words, the DSS 443 

data are more likely to indicate that the house needs fresh air. Thereby, it is 444 

recommended to use DSS-Hour-3 for the sampling of CO2. 445 

In short, although the statistical measures of mean, standard deviation, and 446 

coefficient of variation are not regular, analysis of the data for other IEQ parameters is 447 

still needed. However, the descriptive statistical characteristics of the DSS samples are 448 

considered to be closer than CSS in terms of partial peaks, kurtosis values and sample 449 

ranges. 450 

3.2.3 Correlation analysis of different sampling strategies 451 

The DSS and CSS were used to sample PM2.5, temperature(T), relative 452 

humidity(RH), formaldehyde, CO2 and TVOCs in a residence in Kunming throughout 453 

the year, and the Pearson correlation coefficient(PCC) between the sample and the raw 454 

data was compared for the two strategies. The PCC reflects the correlation between 455 

samples. The calculation of the correlation coefficient requires that the variables have 456 

the same sample size. Because the data distributions of DSS-Week-i and CSS-Week-i 457 

differ greatly from the raw data according to the conclusion of section 3.2.1, this 458 

comparison only involves the sampling strategies of DSS(CSS)-Day-i and CSS(CSS)-459 

Hour-i. The limits set by China-GB/T18883, China-JGJ/T309, and China-GB/T50325 460 

for residential PM2.5, formaldehyde and CO2 are all daily averages. Therefore, we 461 

calculated the daily average for the data obtained with different sampling frequencies 462 
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and different sampling strategies to unify the sample size. We were then able to analyze 463 

the correlation coefficient between the daily average value and the raw data. 464 

  

Figure 7 Comparison of DSS and CSS in terms of correlation coefficients for six IEQ 465 

parameters: (a) DSS-Hour-3, CSS-Hour-3; (b) DSS-Day-3, CSS-Day-3 466 

Fig. 7 displays the results for the DSS and CSS with sampling frequency of once 467 

every three hours or once every three days, referred to as Hour-3 and Day-3, 468 

respectively. The Pearson correlation coefficient of the DSS, namely, DSS-Hour-3 and 469 

DSS-Day-3, for the six IEQ parameters indicates a closer relationship with the raw data 470 

than does the PCC of the CSS. The linear relationship between the sampled data under 471 

the DSS and the raw data is obvious. Therefore, the samples obtained under the DSS 472 

more accurately reflect the characteristics of IEQ. 473 

3.3 Optimal sampling frequency under DSS 474 

According to the descriptive statistics and correlation coefficients for the two 475 

strategies, the sampled data obtained under the DSS are superior to the CSS data in 476 

reflecting the characteristics of the raw data. As discussed in Section 3.1, the values of 477 
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the IEQ parameters fluctuated periodically with the days and weeks. In order to 478 

understand the differences among various parameters, it is necessary to further study 479 

the sampling frequency and determine the characteristics of the data.  480 

  481 
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 482 

  

  

  

Figure 8 PCC and significance test for sampling frequencies under DSS for dix indoor air 483 

parameters:(a)Carbon dioxide, (b)Formaldehyde, (c)TVOC, (d)PM2.5, (e)Relative 484 

humidity,(f)Temperature. Legends are indicated in (b):CPCC means critical Pearson correlation 485 

coefficient; PCC, CPCC  refers to the coordinates on the left; Significance test results refer to the 486 

coordinates on the right 487 
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The calculated results for PCC under the DSS are shown in Fig. 8, where the 488 

sample interval was equal to the inverse of the sampling frequency. As the sampling 489 

interval increased, the PCC of the sample gradually decreased, but the CPCC gradually 490 

increased. The fitted curves converged at the point where the sampling interval reached 491 

its optimum. At the same time, we took into account the significance of the results. 492 

When the P value was less than 0.01, we considered the test to be unqualified and the 493 

sample data to no longer be correlated with the raw data. When the significance test 494 

failed, the two curves might not intersect, and the iteration stopped.  495 

Fig. 8(a) shows the PCC and CPCC data for CO2 and the significance test results 496 

with the change in sampling interval. The optimal sampling interval obtained by the 497 

algorithm was 4390 minutes; that is, the sampling period was 3.04 days, which accounts 498 

for only a single data point every three days. Regardless of accidental errors, the 499 

correlation coefficients at certain frequencies also reached a critical value (intersection 500 

point). After the determination of correlation coefficients, the significance test was 501 

performed. According to the test result, the null hypothesis that the sampled data is not 502 

correlated with the raw data should be rejected. Therefore, the optimal sampling 503 

frequency of CO2 is at least once every 3 days.  504 

The calculated sampling frequency for formaldehyde in Fig. 8(b) is once every 2.47 505 

days. Thus, the formaldehyde in this dwelling should be sampled at least once every 2 506 

days. According to the calculation result for TVOCs in Fig. 8(c), the sampling interval 507 

is 4630 minutes and the sampling frequency is once every 3.2 days, which means that 508 

the optimal sampling frequency for TVOCs is at least once every 3 days. Meanwhile, 509 
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the sampling interval for PM2.5 in Fig. 8(c) is 6890 min with an optimal sampling 510 

frequency of at least once every 4 days. The sampling intervals for relative humidity 511 

and temperature in Fig. 8(e) and (f) are 18090 and 32800 minutes, respectively, with 512 

optimal sampling frequencies of at least once every 12 and 22 days.  513 

In many studies, the IEQ parameters have all been monitored with the same 514 

frequency by integrated sensors that are similar to the ones in this study. In cases in 515 

which six IEQ parameters are measured simultaneously with the same sampling 516 

frequency, the frequency that is selected should be the one that is the lowest among all 517 

the parameters. In the dwelling used in the present study, the lowest frequency was that 518 

for formaldehyde. The PCC and significance test are therefore highly recommended for 519 

the determination of optimal sampling frequency, not only for individual sensors but 520 

also when integrated sensors are used. 521 

3.4 RND for seasonal and daily average data 522 

For studies of different durations, the number of samples to be monitored is often 523 

different. In this section, residential sample sizes required for the study of indoor air 524 

parameters are proposed in accordance with seasonal and daily fluctuations of these 525 

parameters in different dwellings [13, 37, 56]. In terms of seasonal averages, different 526 

numbers of dwellings are required for each season. As shown in Fig 9, the seasonal 527 

RND ranges from 10 to 100 for PM2.5, from 15 to 40 for formaldehyde, from 2 to 17 528 

for temperature, and from 1 to 3 for relative humidity. Therefore, PM2.5 requires the 529 

largest RND for long-term monitoring. 530 
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 531 

Figure 9 RND for determining seasonal averages for indoor PM2.5, formaldehyde, air temperature and 532 

relative humidity in Kunming, where black dots and red circles represent the change of averages and 533 

RNDs, respectively 534 

The RND for PM2.5, temperature, and relative humidity exhibited similar trends 535 

with seasonal changes. The seasonal RND is the largest in winter and the smallest in 536 

summer. Meanwhile, it is equivalent in spring and autumn. The seasonal RND is 537 

affected neither by the sample mean and the individual variance of the sample, nor by 538 

the ratio of the sample variance to the sample mean.  539 

Formaldehyde is distinct from PM2.5, temperature, and relative humidity. The 540 

change in seasonal RND with the season for PM2.5, temperature, and relative humidity 541 

in the 13 dwellings was close to each other. Formaldehyde has the largest RND in 542 

summer because of a large difference among dwellings in the strength of the 543 

formaldehyde emission source. The variations in temperature and humidity in summer 544 
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have a significant effect on the release of formaldehyde from decorative products. This 545 

finding agreed well with those of related studies [57-59], which reported formaldehyde 546 

emissions at high levels when temperature and humidity were high.  547 

Fig. 10 displays a distribution histogram of the daily RND for PM2.5, 548 

formaldehyde, temperature and relative humidity [13, 60]. The RND satisfies the 549 

lognormal distribution throughout the year. The mean daily RND for PM2.5, 550 

formaldehyde, temperature and relative humidity are 11, 39, 3 and 2, respectively, and 551 

the variance of the RND is 0.74, 0.67, 0.51 and 0.66. The annual, seasonal, monthly or 552 

daily RND for temperature and humidity is less than the RND for PM2.5 and 553 

formaldehyde. Indoor temperature and relative humidity varied only slightly among 554 

dwellings because they were affected mainly by the outdoor climate conditions. In 555 

contrast, indoor PM2.5 and formaldehyde varied greatly because the strength of indoor 556 

pollutant sources differed from one dwelling to another. 557 
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 558 

Figure 10 RND for daily average of indoor PM2.5, formaldehyde, air temperature and relative 559 

humidity. Fitting formulas are logarithmic normal distributions of relative frequency 560 

Based on the cumulative frequency of the RND (see Table 4), when the confidence 561 

level is 90%, the RND for PM2.5, formaldehyde, temperature and relative humidity are 562 

45, 77, 20, and 5, respectively. When the confidence is 95%, the RND for PM2.5, 563 

formaldehyde, temperature and relative humidity are 78, 87, 28, and 7, respectively. 564 

Therefore, the greater the confidence level, the larger the RND. Hence, when 565 

calculating RND, it is necessary to take into consideration either the confidence level 566 

or the number of data points. 567 

Table 4 Relationship between RND and degree of confidence 568 

Confidence level 

PM2.5 Formaldehyde Temperature Relative humidity 

(ug/m³) （ug/m³） (℃) (%) 
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90% 45 77 20 5 

95% 78 87 28 7 

 569 

3.5 RND in various thermal zones in China 570 

It can be seen in Fig. 11 that different thermal zones have different RND for 571 

studying the levels of PM2.5 and formaldehyde in a region. The RND is affected mainly 572 

by the coefficient of variation of the study parameters. The larger the coefficient of 573 

variation, the greater the difference in the concentration of pollutants between dwellings, 574 

and the larger the RND. Based on the current monitoring data, the difference in 575 

formaldehyde between Chongqing and Nanning is greater than that for PM2.5, while 576 

the difference in formaldehyde among Kunming, Beijing, and Shenyang is less than 577 

that for PM2.5. At the same time, a larger coefficient of variation leads to a larger RND. 578 

In Kunming, Beijing and Shenyang, the PM2.5 varies greatly among dwellings, while 579 

in Chongqing and Nanning, the difference in PM2.5 is small. For PM2.5, the RND is 580 

60 in Kunming, while the RND in Beijing and Shenyang is less than 35, and in 581 

Chongqing and Nanning it is less than 5. For formaldehyde, the RND in each city is 582 

less than 20. 583 
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(a) (b) 

Figure 11 Relationship between RND and total RND N for indoor PM2.5 (a) and formaldehyde (b) in 584 

Shenyang, Chongqing, Nanning, Beijing and Kunming 585 

Fig. 11 shows the relationship between the total RND N and RND for PM2.5 and 586 

formaldehyde in five large cities in China. It can be seen that as the total RND increases, 587 

the RND increases as well, but when the total RND exceeds a certain value, the RND 588 

no longer increases. In this context, the threshold is called the critical total RND. If the 589 

number of dwellings in the region is estimated to be more than the critical total RND, 590 

N is considered to be equal to the critical total RND. In the five cities of Kunming, 591 

Beijing, Nanjing, Chongqing and Shenyang, the critical total RND N was 592 

approximately 5000 for the calculation of RND with ∆x̅=0.1x̅ and F(t) = 87%. 593 

4. Conclusion 594 

This study has proposed a series of systematic methods for the sampling of indoor 595 

environmental parameters in urban residential dwellings. This paper starts with the 596 

sampling strategies and sampling frequency for various indoor environmental 597 

parameters in a single residence, and finally proposes the total required number of 598 
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dwellings for cities in different thermal zones of China. Compared with sampling 599 

methods that correspond to the thresholds of various standards, the approach in this 600 

study is more systematic. In order to focus on the periodic characteristics of various 601 

parameter fluctuations, this study used statistical methods, thereby enhancing the 602 

representativeness and credibility of the samples. The relevant findings can be 603 

summarized as follows. 604 

1) A heat map revealed obvious daily and weekly fluctuations in CO2, TVOCs, 605 

formaldehyde, PM2.5, air temperature and relative humidity. The CO2 concentration 606 

reaches a peak during meal times. High concentrations of formaldehyde occur in 607 

periods with high temperature. PM2.5 exhibits a high concentration in autumn and 608 

winter. The distributions of other parameters display various seasonal fluctuations. 609 

2) Because of the variations in environmental parameters inside residential 610 

dwellings, two sampling strategies, the continuous sampling strategy (CSS) and the 611 

discrete sampling strategy (DSS), were compared by means of descriptive statistical 612 

analysis. In general, the DSS performs better than the CSS in terms of accuracy. 613 

3) Using the DSS as the sampling strategy, this study proposed an algorithm to 614 

calculate the optimal sampling frequencies for different indoor environmental 615 

parameters. We found that the optimal sampling frequencies for the concentration of 616 

TVOCs, PM2.5, CO2, formaldehyde, relative humidity and temperature are 3 days, 4 617 

days, 3 days, 2 days, 12 days and 22 days, respectively. The algorithm can effectively 618 

extract the periodic fluctuation characteristics of different indoor environmental 619 

parameters, thus providing more representative indoor environmental quality data and 620 
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effectively reducing sampling costs. 621 

4) A method was proposed for determining the required number of dwellings (RND) 622 

in different thermal zones. Based on simple random sampling, the RND for studying 623 

different indoor environmental parameters was calculated. The results of the study can 624 

be confirmed with the first and third conclusions; that is, the degree of a parameter’s 625 

fluctuation determines the sample size that is needed to accurately reflect the 626 

characteristics of the data. The required number of dwellings depends on the coefficient 627 

of variation of the sampled data. PM2.5 and formaldehyde had greater RND values than 628 

did temperature and humidity. The RND satisfies the lognormal distribution throughout 629 

the year. 630 

However, it must be admitted that this study has certain limitations. First, the 631 

methodology of this study is mainly based on statistical principles and cannot be used 632 

trace the sources of pollutants. It can only make certain assumptions based on the 633 

fluctuations of parameters. Second, the raw data is limited to that from residential 634 

dwellings in Kunming, China. Nevertheless, the series of sampling strategies and 635 

algorithms proposed in this paper are applicable to other types of sampling processes 636 

and to residential environment research in other regions. Since the proposed algorithm 637 

can effectively extract the periodic fluctuation characteristics of different indoor 638 

environmental parameters and reduce sampling costs, we expect that the method will 639 

provide valuable assistance to future IEQ long-term monitoring studies. 640 

 641 
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Highlights 

⚫ A systematic approach was presented for IEQ data sampling. 

⚫ Sampling strategy, frequency and required number of dwellings were studied. 

⚫ Discrete sampling strategy achieves better performance. 

⚫ An algorithm was proposed to calculate sampling frequency of IEQ parameters. 

⚫ Required number of dwellings depends on the variable coefficient of parameters.  
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