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Abstract: 14 

Indoor air distributions, such as the distributions of air temperature, air velocity, and 15 

contaminant concentrations, are very important to occupants’ health and comfort in 16 

enclosed spaces. When point data is collected for interpolation to form field 17 

distributions, the sampling locations (the locations of the point sensors) have a 18 

significant effect on time invested, labor costs and measuring accuracy on field 19 

interpolation. This investigation compared two different sampling methods: the grid 20 

method and the gradient-based method, for determining sampling locations. The two 21 

methods were applied to obtain point air parameter data in an office room and in a 22 

section of an economy-class aircraft cabin. The point data obtained was then 23 

interpolated to form field distributions by the ordinary Kriging method. Our error 24 

analysis shows that the gradient-based sampling method has 32.6% smaller error of 25 

interpolation than the grid sampling method. We acquired the function between the 26 

interpolation errors and the sampling size (the number of sampling points). According 27 

to the function, the sampling size has an optimal value and the maximum sampling 28 

size can be determined by the sensor and system errors. This study recommends the 29 

gradient-based sampling method for measuring indoor air distributions. 30 
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1. Introduction 33 

In indoor air environments, the optimization of parameters such as air velocity, 34 

temperature, and contaminant concentrations is important for the health and comfort 35 

of occupants. To assess the detailed distributions of these parameters, two primary 36 

methods can be applied: numerical simulations by computational fluid dynamics 37 

(CFD), and in-situ measurements. CFD simulations are inexpensive, but they may not 38 

accurately predict the distributions because of the approximations used in turbulence 39 

modeling and numerical algorithms. In-situ measurements, although time-consuming 40 

and expensive, are more reliable. Furthermore, even in numerical simulations, a 41 

certain amount of experimental data is often needed for validating the computed 42 

results (Chen and Srebric, 2002; Liu et al., 2012). Therefore, it is preferable to 43 

conduct in-situ measurements. 44 

Both optical and point-wise measurement method can be applied to acquire the 45 

distributions of indoor air parameters. The optical measurement method uses optical 46 

anemometry techniques such as particle streak velocimetry, particle tracking 47 

velocimetry, and particle image velocimetry to measure air distributions by acquiring 48 

and processing the reflected signals of particles seeded in the flow. This method can 49 

determine air velocity distributions in a local field (Cao et al., 2014). However, in 50 

indoor spaces with complex geometry, occupants and other objects may block the 51 

light from the optical anemometer, which makes it difficult to measure an entire 52 

region (Liu et al., 2012). 53 

The point-wise method measures the air parameters with point sensors such as 54 

anemometers, thermocouples, and tracer-gas samplers (Liu et al., 2012; Li et al., 55 

2014). In comparison with the optical method, the point-wise method is more 56 

adaptable to a complex space because the sensors can be located flexibly in spaces 57 

where the optical anemometry cannot take measurements. However, the accuracy of 58 

the interpolated air distributions based on the point sensor data is highly dependent on 59 

the sampling size and locations (Swileret al., 2006; Coetzee et al., 2012). The 60 

sampling size means the number of sampling locations and sampling methods means 61 

how the sampling locations were selected. In order to reduce the time requirement and 62 

labor costs for the measurements, the sampling size should be as low as possible, but 63 

the use of too few sampling points can result in poor spatial resolution. Laurenceau 64 

and Sagaut (2008) found that the grid method, which is the most commonly applied 65 

method in engineering fields, requires a large sampling size in order to provide good 66 

results. The grid method may not be optimal in determining the sampling locations. 67 

This paper reports our effort in proposing a method for determining the optimal 68 

sampling location and sampling size. We have also investigated the relationship 69 

between sampling location and the accuracy of air parameter fields obtained in 70 

measuring indoor air environment. 71 
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2 Research Methods  72 

2.1 Sampling method 73 

Several methods are available for determining sampling locations, including grid, 74 

unstructured triangular mesh, Latin hypercube sampling, sequential, and 75 

gradient-based methods. The grid method uses equal intervals along a sampling 76 

direction (Laurenceau and Sagaut, 2008; Carvajal et al., 2010; Coetzee et al., 2012). 77 

The unstructured triangular mesh method uses an unstructured mesh to spread the 78 

sampling points such that they are adapted to the boundary of the sampling domain 79 

(Persson and Strang, 2004; Coetzee et al., 2012). The sampling domain is the plane or 80 

volume where measurements were conducted in a 2D or 3D indoor space, respectively. 81 

The Latin hypercube sampling method is an enhanced random sampling method that 82 

divides the sampling domain into cells with equal intervals and then sets one sampling 83 

point at a random position in each cell (Laurenceau and Sagaut, 2008; Nissenson et al., 84 

2009; Coetzee et al., 2012). It is widely used in geo-statistics but does not seem to be 85 

useful for indoor air measurements. This is because indoor spaces are relatively small, 86 

and we can acquire the exact spatial coordinates easily. The sequential method sets a 87 

few initial sampling points and then adds points one by one to improve the 88 

interpolation accuracy, until the desired sampling size has been obtained (Jin et al., 89 

2002). However, the sequential method is computationally expensive, as it sets only 90 

one point at a time, and the whole field interpolation must be calculated each time 91 

(Coetzee et al., 2012). Jouhaud et al. (2007) proposed a gradient-based sampling 92 

method that determines new sampling points in regions with a large gradient. The 93 

gradient-based method seems to be scientific, simple, and computationally 94 

inexpensive. It was therefore selected for this study. 95 

The gradient-based method uses equal intervals along a direction if the gradient of air 96 

parameter is small. If the gradient is large, one or more points are added between the 97 

two original sampling points until the differences between two adjacent points are 98 

sufficiently small when compared with the maximum gradients in the sampling domain. 99 

However, it is difficult to determine the sampling locations for the gradient-based 100 

method because the gradient is unknown before the start of the experiment. One could 101 

estimate the gradient from experience, by identifying, for example, the regions with 102 

large velocity and temperature gradients. Such estimation may not be easy for an actual 103 

indoor space where the flow can be complex. Thus, this investigation recommends 104 

using a CFD simulation to identify the regions with large parameter gradients. The 105 

information required by CFD is typically known, such as the thermo-fluid boundary 106 

conditions. With the air distribution predicted by CFD, one can determine the sample xi 107 

by calculating the gradient coefficient, α, as (Jouhafud et al., 2007): 108 
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where, ϕ represents an air parameter such as velocity, temperature, or contaminant 110 

concentration. )(grad
 

is the gradient of the flow parameter, while )(max grad  111 

is the largest gradient of this flow parameter in the sampling domain. 112 

If α > α0, the gradient is considered to be sufficiently large to require the addition of 113 

more sampling points in the region. We chose α0 = 0.15 which had been recommended 114 

to be the optimal choice to avoid the use of too numerous points in sampling domain 115 

with large gradient (Jouhaud et al., 2007). By starting with a coarse grid of sampling 116 

points, one can flag a sampling point if α > 0.15. The percentage of flagged points is: 117 
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where wf is the number of flagged points in the sampling domain and wt the total 119 

number of points in the domain. If η ≤ η0, then a point is refined into two points. This 120 

process is repeated for all sampling points until η > η0. The recommended value of η0 121 

was in the range of 0.5-0.75. Here we chose η0=0.6(Quirk, 1996). 122 

It should be noted that in order to compare the grid and gradient-based sampling 123 

methods, the total grid number (sampling size) should be the same in both methods. 124 

However, since the gradient-based method splits points for regions with a large gradient, 125 

the starting sampling size for this method should be smaller than that for the grid 126 

method. 127 

2.2 Kriging interpolation method 128 

The data obtained from the sampling positions by the grid or gradient-based method 129 

can be interpolated to form field distributions. Several interpolation methods are 130 

available, such as polynomial methods, radial basis function methods, inverse distance 131 

weighting methods, Kriging methods, etc.  132 

The polynomial method uses Taylor expansion equations to express the values at 133 

places not measured by the values at the measured points. The coefficients of the 134 

polynomial are estimated by minimizing the mean square error of the expansion 135 

equations (Shen et al., 2013). This is the most mature method for interpolation and 136 

requires the lowest number of sampling points for modeling; however, it may not as 137 

accurate as Kriging methods (Wang and Shan, 2006).  138 

The radial basis function method estimates the value at places not sampled, by use of 139 

a basis function (such as linear, cubic, thin plate spline, multiquadric, and Gaussian 140 

functions) (Gutmann, 2001). However, the radial basis function method cannot be 141 

used to determine measurement errors (Jin et al., 2002).  142 
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The inverse distance weighting method determines the value between the measured 143 

points as the weighted sum of the measured data at the surrounding positions. The 144 

weights in this method are inversely related to the distances between the sampled 145 

point and estimated point, with a constant power or a distance-decay parameter to 146 

adjust the diminishing strength in relationship to increasing distance. However, the 147 

method cannot provide the variances of the estimated values at points not measured 148 

(Lu and Wong, 2008). 149 

The Kriging method interpolates a value between measured points in the same manner 150 

as the inverse distance weighting method. The Kriging method estimates the value 151 

under the unbiasedness condition, and the weights are calculated by minimizing the 152 

variance of the error between the estimated and actual values (Kleijnen, 2009). This 153 

method has been applied in many different studies (Simpson et al., 1998; Jeong et al., 154 

2005; Moral et al., 2006; Sampson et al., 2013), and all of them have reported highly 155 

satisfactory results. Therefore, the method was selected for this investigation. 156 

The Kriging method is a statistical method which was originally proposed in the field 157 

of geo-statistics (Clark, 1977; McBratney et al., 1981; Persicani, 1995). It estimates 158 

the value between measured points Z(x) as the weighted sum 


n

i
i

1

 of the measured 159 

data at the surrounding positions Z(x1)…Z(xi), as illustrated in Fig. 1. Various 160 

assumptions in determining the weights lead to different Kriging variants, such as the 161 

simple, ordinary, and universal Kriging methods. The simple Kriging method assumes 162 

that the expectation of Z(x) is constant and known over the entire domain. The ordinary 163 

Kriging method assumes that the expectation of Z(x) is constant but unknown in the 164 

neighborhood of the estimation point, x. The universal Kriging method regards the 165 

expectation of Z(x) as one that fits a linear or higher-order (quadratic, cubic, etc.) trend 166 

model of the spatial x-, y- coordinates of the measured point, xi. This study used the 167 

ordinary Kriging method for the interpolation. The method adopts a stationary 168 

assumption, which assumes that statistical properties (such as expectation, variance, 169 

covariance, semivariogram function, etc.) only rely on the distance between the 170 

measured and not measured points (Kleijnen, 2009). 171 

The Kriging estimator of Z(x) at a point not measured, x, is acquired by a linear 172 

regression model (Goovaerts, 1997): 173 
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where S is the sampling domain, )(ˆ xZ the estimator of Z(x), Z(xi) the measured data at 176 

sample point xi, and λi the weight (Goovaerts, 1997).  177 

The difference between the estimated )(ˆ xZ  and actual Z(x) is called the estimation 178 

error. The Kriging method calculates )(ˆ xZ  by minimizing the variance of the errors 179 

with the unbiasedness constraint. In order to obtain an unbiased estimator, the 180 
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expectation of the estimation error is equated to zero. For obtaining an optimal function 181 

estimator, the variance of the estimation error must be minimized. Therefore, the set of 182 

weights λi satisfies the following equations: 183 
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 185 

where xi, xj are the sampled points, and x is the point not measured but to be estimated. 186 

A Lagrange parameter μ is introduced to calculate λi without affecting the equality. C(·,·) 187 

is the covariance. 188 

 189 

The ordinary Kriging method can also be expressed as a semivariogram function that 190 

determines the relationship between distance and the variance (Var) of the data: 191 

 )]()([
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where h is the distance between the point x and x+h. The relationship between the 193 

semivariogram function and covariance function is: 194 

)()0()( hCCh                                                          (6) 195 

where C(h) represents the covariance between two points with a distance of h. 196 

Therefore, Eq. (4) can be rewritten as: 197 
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Because of the stationary assumption, ),(
ji

xx = )(
, ji

h , ),( xx
i

 = )(
i

h . hi,j represents 199 

the distance between the measured point xi and xj, while hi is the distance between the 200 

sampling point xi and the estimated point x. 201 

Thus, λi can be solved by Eq. (7). Once the Kriging weights (and Lagrange parameter) 202 

have been obtained, both the Kriging estimator and the Kriging variance can be 203 

determined.  204 

In this study, we applied a spherical model to represent the semivariogram in a 205 

two-dimensional space: 206 
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Where S2 is the variance of the variable across the entire region and a is the range.  208 
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a= mL                                                             (9) 209 

2
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2
minmax )()( yyxxL                                                                                  (10) 210 

where m is range fraction m=0.3. L is the Euclidian distance between (xmax, ymax) and 211 

(xmin, ymin) of the source zone (Tecplot, 2006). 212 

Fig. 2 shows the procedure how the gradient-based method and interpolation method 213 

is used to measure the parameters. In the beginning, the CFD simulation is applied to 214 

obtain the distributions of the parameters to be measured. A sampling plane is 215 

selected in the domain on which the sampling points are chosen. The gradient 216 

distribution is determined from the simulation results and applies to calculate the 217 

distribution of α in the sampling plane. The sampling plane is split into identical 218 

coarse cells. If any cell with an α higher than 0.15, the cell center will be flagged as a 219 

sampling point. If the number of flagged cells takes up more than 60% of the total 220 

cells, the sampling points can be determined. Otherwise, the flagged cell will be 221 

refined into two more cells until 60% of total cells become flagged cells.  222 

2.3 Evaluation of interpolation accuracy 223 

This investigation used absolute interpolation error and uniformity of errors to 224 

evaluate the interpolation accuracy with different methods for the determining of 225 

sampling locations. 226 

The absolute interpolation error is the difference between the interpolated distribution 227 

with the grid or gradient-based method and the actual distribution, i.e. 228 

  
KF pmpmpE                                                                                                      (11) 229 

 Sm  230 

where Ep represents the absolute interpolation error between the Kriging-interpolated 231 

value and the actual value. P represents the air parameters such as velocity (V, Vx, Vy, 232 

Vz), temperature (T), and contaminant concentrations (C). The variable ϕpmk is the 233 

Kriging-interpolated air parameter P at point m, and ϕpmF is the actual air parameter P 234 

at point m. Here S is the sampling plane.  235 

The uniformity of errors evaluates whether or not different sampling methods would 236 

lead to an uneven interpolation error distribution:  237 
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where U is the uniformity of errors for an air parameter, n the sampling size, Epm the 239 

interpolation error of the air parameter at point m, and E the averaged interpolation 240 

error of the air parameter in the sampling plane. 241 

3 Case analysis 242 

3.1 Case 1: Air distribution in an office room 243 

Figure 3 is a schematic of the office room used for the study. The air parameters 244 

concerned were air velocity, air temperature, and contaminant concentration as 245 

simulated by a tracer gas, SF6. The room was 5.16 m in length, 3.65 m in width and 246 

2.43 m in height. The room had an air diffuser, two desktop computers, six lights, two 247 

occupants, and several pieces of furniture. These were simplified as rectangular blocks, 248 

but they were under thermo-fluid conditions similar to those that would actually be 249 

present in an office. The SF6 sources were placed above the simulated occupants. 250 

Yuan et al. (1999) conducted experimental measurements of the air distributions in an 251 

office room. They measured air velocity, air temperature, and SF6 concentration at nine 252 

locations in the room. However, the data points were too few to be interpolated into 253 

field distributions for evaluating the sampling methods. We performed CFD 254 

simulations of the air distributions in our room, and the computational results obtained 255 

were in good agreement with the experimental data. Because the CFD results were 256 

obtained using a very high numerical grid resolution, we can use these results to 257 

generate ”measured data” for the office room for any sampling size and at any sampling 258 

location. Because of the limited space available in this paper, we evaluate the grid and 259 

gradient-based methods only at the mid-plane in the y-direction, as shown in Fig.3. The 260 

mid-plane was applied as the sampling plane to represent a part of sampling domain. 261 

Fig. 4 depicts the air temperature, airflow, and SF6 concentration field at the mid 262 

y-plane as calculated by CFD. The cold air from the diffuser caused induction of the 263 

surrounding air and relatively high air velocity near the diffuser. In the main flow 264 

region, the air velocity was quite low and uniform. The results show that the 265 

displacement ventilation system created air temperature stratification in the room. The 266 

air temperature gradient was larger near the diffuser and floor. In addition, the SF6 267 

concentration was high in the middle of the plane and upper region of the room but 268 

low in the lower region of the room.  269 

Fig. 5 shows the gradient coefficient calculated from the CFD results and the 270 

sampling point distribution determined by the gradient-based method. The CFD 271 

results show that the air velocity, air temperature, and SF6 concentration gradients were 272 

high near the air supply inlet, outlet, and right wall. The SF6 concentration gradient 273 

was also high in the middle of the plane. Thus, more grid points were used in those 274 

regions to capture the changes due to the large gradients. Table 1 show the sampling 275 
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sizes used with the grid and gradient-based methods for the three air parameters. For 276 

the same air parameter, the sizes were similar for the two sampling methods. 277 

Table 1 lists the average interpolation errors and the uniformity of errors for the flow 278 

domain calculated by Eqs. (11) and (12), respectively, for the grid and gradient-based 279 

sampling methods. With a similar sampling size, the gradient-based method yielded a 280 

smaller surface-average interpolation error and higher uniformity than the grid method. 281 

For the gradient-based method, the absolute interpolation error for the air temperature, 282 

air velocity, and SF6 concentration were 6.28%, 6.08%, and 3.21%, respectively, was 283 

lower than those for the grid method. This difference arose because the Kriging 284 

interpolation accuracy was sensitive to the sampling point interval in the high gradient 285 

region. The gradient-based method used more points in the high gradient region, and 286 

therefore the results were more accurate. In the low gradient regions, the Kriging 287 

interpolation accuracy was not sensitive to the distance between points, and thus the 288 

error would not be increased significantly. Furthermore, the uneven distribution of the 289 

sampling locations did not lead to an uneven error distribution in the gradient-based 290 

method. 291 

Fig. 6 illustrates the absolute interpolation error distributions for the three air 292 

parameters obtained by the gradient-based and grid methods. The gradient-based 293 

method had higher interpolation accuracy than the grid method in the region close to 294 

the diffuser, where the gradients were high. This difference occurred because more 295 

sampling data were taken in that region. In the main flow region, the two methods had 296 

smaller interpolation errors, although fewer sampling points were used in the 297 

gradient-based method than in the grid method. This was because the gradient-based 298 

method used more sampling points in the high gradient region, and thus there were 299 

fewer sampling points in the low gradient region than with the grid method. Since the 300 

gradients of the air parameters in the main flow region were low, the use of a slightly 301 

lower number of sampling points would not cause a notable error.  302 

It should be noted that the interpolation errors for air velocity were quite high near the 303 

floor with both methods. This is because we selected a gradient coefficient α0 of 0.15, 304 

which did require more sampling points in the region where the gradient was high but 305 

not very high. To solve this problem, the gradient coefficient should be smaller than 306 

0.15 (Jouhaud et al., 2007). Further investigation should be made on choosing the 307 

proper α0. However, since the region was small, the error may not have been 308 

important. Nevertheless, it can be seen that there is a trade-off between sampling size 309 

and interpolation error. 310 

3.2 Case 2: Air distribution in an aircraft cabin 311 

For further demonstration and verification, this investigation used the methods to 312 

measure the air distribution in a functional aircraft cabin. The measurements were 313 

conducted in the economy-class cabin of the airliner. Because this cabin was very 314 
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long, our measurements were conducted in only four rows, as shown in Fig. 7. The 315 

four-row section of the aircraft cabin was 3.1 m long, 3.2 m wide, and 2.1 m high, and 316 

the seats were fully occupied by heated manikins. The geometry of the cabin and 317 

manikins was quite sophisticated, as was the air distribution. Air was supplied to the 318 

cabin through air slot diffusers near the ceiling on both sides and through some of the 319 

overhead gaspers. The gaspers were round nozzles mounted at the overhead board that 320 

could supply fresh air with high air velocity jets to the breathing zone of passengers 321 

for improving thermal comfort and perhaps air quality. The driving forces in the cabin 322 

included inertial forces from the air slot diffusers and gaspers, and buoyancy forces 323 

from the thermal plumes from the heated manikins and walls. The flow condition 324 

inside the cabin was in the transitional-to-turbulent (Zhang et al., 2009; Liu et al., 325 

2013). 326 

In order to see the influent of gaspers on the air distribution, we opened a portion of 327 

gaspers and measured the according airflow and temperature field. This study 328 

measured the mean velocity and x-, y-, z- velocity components with ultrasonic 329 

anemometers. Because the sensor size of the anemometers was 0.03 m in diameter, the 330 

finest possible sampling resolution was 0.06 m × 0.06 m, as shown in Fig. 8(a), and it 331 

was used as the baseline for assessing different sampling methods. In this 332 

experimental case, the air velocity gradient can be unknown. Gradient information can 333 

be obtained by performing a CFD simulation for the case, as was done in this 334 

investigation. The gradient information can also be estimated on the basis of personal 335 

experience, such as in the jet regions and in regions with strong thermal plumes. 336 

Using the CFD simulation, this study determined the sampling point distribution for 337 

the gradient-based method as illustrated in Fig. 8(b). The number of sampling points 338 

for the grid method was similar to that for the gradient-based method, as shown in Fig. 339 

8(c). The sampling sizes for the baseline case, gradient-based method case, and grid 340 

method case were 302, 94, and 90, respectively.  341 

 342 

Figure 9 illustrates the airflow pattern in the cross plane as obtained for the baseline 343 

case and with the gradient-based and grid sampling methods based on the measured 344 

results. Both methods provided a quantitative description of the jet and thermal plume 345 

in the cabin. However, the gradient-based method was able to describe the detailed 346 

interactions between the jets from the gasper and diffusers, and the method 347 

interpolated the y-velocity more accurately than did the grid method. The grid method 348 

failed to describe the airflow pattern in the upper right section of the experimental 349 

domain. 350 

Fig. 10 shows the absolute interpolation errors for the mean velocity and the x-, y-, z- 351 

velocity components with the gradient-based and grid sampling methods, in 352 

comparison with the data for the baseline case. In the jet regions within the L-shaped 353 

box in Fig. 10, a large discrepancy is seen between the distribution generated by the 354 

grid method and that in the baseline case. This is because too few sampling points were 355 

placed near the diffuser and gasper regions, which led to higher errors in the Kriging 356 
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interpolation. In contrast, the gradient-based method used more sampling points in the 357 

jet regions, which provided better accuracy. In the main flow region, the interpolated 358 

distribution determined by the gradient-based method was similar to that determined by 359 

the grid method, even though the gradient-based method used fewer sampling points. 360 

However, in the region with strong interaction between the jet and thermal plume 361 

(indicated by the rectangular box in Fig. 10), both methods had large errors. This is 362 

because the gradient varied rapidly in the region, and thus a gradient coefficient α0 = 363 

0.15 may not be sufficiently small to capture the flow features. 364 

Table 2 presents the averaged interpolation errors and uniformity of errors for the two 365 

sampling methods in comparison with the baseline case. With similar sampling sizes, 366 

the gradient-based method yielded a smaller interpolation errors and better uniformity 367 

(lower value) for the air velocity distributions. The measuring accuracy for velocity 368 

was 0.014 m/s and 0.019 m/s by gradient-based method and grid method, respectively. 369 

The interpolation errors for the x-, y-, and z-velocity components by the 370 

gradient-based method were lower than those by the grid method as shown on Table 2. 371 

Thus, the gradient-based method performed better than the grid method in measuring 372 

the complex airflow field in the aircraft cabin environment.  373 

4. Discussion 374 

This investigation also studied the relationship between sampling size and Kriging 375 

interpolation errors for the office room. Fig. 11 shows the averaged interpolation errors 376 

for air temperature, air velocity, and SF6 concentration distributions with sampling sizes 377 

ranging from 18 to 11,104. The relationships between the interpolated errors and 378 

sampling size were obtained through curve fitting. When the sampling size was 379 

increased from several points to 2,000, the interpolation errors decreased dramatically. 380 

However, a further increase in the sampling size did not greatly reduce the errors. This 381 

result implies that a CFD simulation could be run before the experimental 382 

measurements are conducted, as we demonstrated here, in order to determine a 383 

sampling size that would provide acceptable errors. This step would identify the 384 

optimal trade-off between accuracy and effort. 385 

Sensor and system errors in the experiment must be considered when deciding on the 386 

sampling size, which should then be used to determine the thresholds of the 387 

interpolation errors. For example, Yuan et al. (1999) used thermocouples, hot-spherical 388 

anemometers, and a photoacoustic multi-gas analyzer to measure the air temperature, 389 

air velocity, and SF6 concentration in the office room. The sensor and system errors 390 

were 0.3 K for air temperature, 0.01 m/s for air velocity, and 0.01 ppm for SF6 391 

concentration. These errors can be used as the minimal interpolation errors. Therefore, 392 

it is not meaningful to select ET< 0.3 K, EV< 0.01 m/s, and EC< 0.01 ppm. One can then 393 

find the maximal sampling size for the experimental measurements through the fitting 394 

function between the sampling size and the interpolation errors. For the mid y-section 395 

of the office, this investigation determined corresponding maximal sampling sizes of 396 
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60, 660, and 272, respectively, for air temperature, air velocity, and SF6 concentration. 397 

5. Conclusion 398 

This research proposes a sampling point distribution determined by the gradient-based 399 

method for measuring air parameters with point sensors, and the Kriging interpolation 400 

method for interpolating the measured data to form field distributions. The methods 401 

have been successfully applied to an office room and a section of an economy-class 402 

airliner cabin to obtain air (air temperature, air velocity, and tracer-gas concentration) 403 

distributions from point data.  404 

On one hand, the gradient-based method can obtain the air distributions with greater 405 

accuracy than the grid method with a similar sampling size. Our error analysis shows 406 

that the gradient-based sampling method has 32.6% smaller error of interpolation than 407 

the grid sampling method. Furthermore, the errors in the gradient-based method are 408 

more uniform than those in the grid method. On the other hand, the grid method is 409 

easier to use because it does not require prior knowledge of the gradient distribution. 410 

However, with the gradient-based method, this gradient information can be obtained 411 

from a CFD simulation or from experience. Thus, the gradient-based method is 412 

recommended. 413 

The interpolation errors can be expressed as a function of sampling size for measuring 414 

air distributions in an indoor space. The errors decrease rapidly when the sampling 415 

size is increase from a very small number to a moderate number, but a further increase 416 

in the number of sampling points does not lead to significantly better results. When 417 

the sensor and system errors are assumed to be the same as the minimal interpolation 418 

errors, the maximal sampling size for the measurements can be determined. 419 
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 509 

 510 

Table 1  511 

The sampling sizes, averaged absolute interpolation errors, and uniformity of errors 512 

with the grid and gradient-based sampling methods. 513 

 

Sampling 

method 

Sampling 

size 
E  U 

T (K) 
Gradient-based 292 0.170 0.392 

Grid 292 0.181 0.397 

V (m/s) 
Gradient-based 211 0.015 0.028 

Grid 215 0.016 0.034 

C (ppm) 
Gradient-based 237 1.084*10-2 0.016 

Grid 237 1.120*10-2 0.022 

 514 

  515 
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Table 2  516 

The averaged interpolation errors and uniformity of errors for the gradient-based and 517 

grid sampling methods compared with the baseline case. 518 

 

Sampling 

Method 

Sampling 

size 
E  U 

V (m/s) 
Gradient-based 94 0.0144  0.0187  

Grid 90 0.0191  0.0196  

Vx (m/s) 
Gradient-based 94 0.0107  0.0150  

Grid 90 0.0151  0.0157  

Vy (m/s) 
Gradient-based 94 0.0078  0.0101  

Grid 90 0.0101  0.0111  

Vz (m/s) 
Gradient-based 94 0.0142  0.0203  

Grid 90 0.0193  0.0213  

 519 

 520 

Fig. 1. Theory of the Kriging interpolation. 521 

 522 
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  523 

Fig.2. Flow chart of the gradient-based method and the Kriging interpolation method 524 

with α0= 0.15 and η0=0.6. 525 

 526 

Fig. 3. Schematic of the office and the sampling plane where the comparison was 527 

made. 528 
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 529 

 530 

 

Fig. 4. The CFD-calculated (a) air temperature, (b) airflow, and (c) SF6 concentration 531 

field. 532 

 533 

 

Fig. 5. The gradient coefficient (contours) and sampling point distribution (small 534 

circles) determined for the office room (red regions had α > 0.15 and blue regions α ≤ 535 

0.15) for (a) air temperature, (b) air velocity, and (c) SF6 concentration. 536 

   537 

(a) (b)

(c) 

(c) 

(a) (b)
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 538 

 Gradient-based Grid 

ET 

(K) 

EV 

(m/s) 

EC 

(ppm)

Fig. 6. The distributions of Kriging-interpolated errors in air temperature (ET), air 539 

velocity (EV), and SF6 concentration (EC) on the mid-y plane with the gradient-based 540 

method (left) and grid method (right). 541 

 542 
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 543 
Fig. 7. Schematic of the four-row section of the economy-class airliner cabin and the 544 

cross-section (yellow color) in which the comparison was made in this study. 545 

 546 

 547 

 

Fig. 8. Sampling point distribution for (a) the baseline method, (b) the gradient-based 548 

method, and (c) the grid method in the cross-section of the airliner cabin. 549 

 550 
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 551 

  552 

Fig. 9. Airflow pattern with (a) baseline, (b) gradient-based, and (c) grid sampling 553 

distributions in the cross-section of the airliner cabin based on the experimental 554 

measurements. 555 

 556 

 557 
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Fig. 10. The distributions of the Kriging-interpolated errors with the gradient-based 562 

(left) and grid (right) sampling methods for the mean air velocity (EV), x-velocity 563 

component (EVx), y-velocity component (EVy), and z-velocity component (EVz) in the 564 

cross-section of the cabin.  565 
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 566 

 567 

   568 

 569 
Fig. 11. The relationship between the average interpolation errors by the Kriging 570 

method and sampling size ranging from 18 to 11,104: (a) air temperature (ET), (b) air 571 

velocity (EV), and (c) SF6 concentration (EC).  572 
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