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Abstract – Information leveraged from multiple sensors is
generally more versatile than that from a single sensor. For
instance, the value of a physical quantity at an unsampled
location can be estimated by interpolating measurements
from spatially separated sensors. In this contribution, krig-
ing is used to spatially interpolate room temperatures from
a limited number of sensors with different measurement un-
certainties and a propagation of the sensor uncertainties to
the interpolated values using a Monte Carlo simulation is
demonstrated. A potential application of kriging to assess
the quality of sensor measurements is also presented.
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1. INTRODUCTION
The widespread use of sensors and sensor networks is a

key feature of the fourth industrial revolution or Industry
4.0 [1]. In order to fully exploit the large amount of infor-
mation thus generated, sensor fusion methods [2] must be
employed to combine measurement results from disparate
sensors. By consolidating multi-sensor information in this
way, insights, otherwise unavailable to individual sensors,
become available. A key application of multi-sensor in-
formation is the interpolation of sensor data to estimate
the value of a physical property at unsampled locations
given a finite number of sensors placed at discrete loca-
tions [4]. In this contribution a method for estimating the
room temperature using kriging is presented along with a
Monte Carlo based method to estimate the associated mea-
surement uncertainty. The sensor readings correspond to
climate-controlled measurement rooms for large coordinate
measuring machines that must conform to strict tempera-
ture requirements (see, for instance, [3]) in order to ensure
the accuracy of their measurement results. In particular, a
thought experiment involving the use of sensors with vary-
ing uncertainty characteristics will play a central role.

2. USE CASE
The system under study is that of a large temperature

controlled room with an open cuboidal subvolume of di-
mensions 6.6 m×4.8 m×1.85 m used to perform high pre-
cision coordinate measurements on large objects. The tem-
perature in the aforementioned region is measured by eight
Pt100 platinum resistance thermometers such that seven
are placed at its corners, while the remaining sensor is lo-

cated at a height 0.25 m above the remaining corner due
to the presence of measurement equipment unrelated to the
present demonstration. The distribution of sensors in the
measurement region under consideration is illustrated in
Fig. 1. Measurements are taken from each sensor every five

Fig. 1: The distribution of sensors in the subvolume of the room
under consideration. Two of the boundaries (W1 & W2) and floor
are indicated for future reference. The sensor indicated in blue
(00) is assumed to have a lower uncertainty (25 mK) than the other
sensors (100 mK) for the sake of the thought experiment.

minutes over a period of five days, i. e. 1440 readings per
sensor. The measurements were taken at an interval of five
minutes between 2nd December 2021 at 00:00 and 6th De-
cember 2021 at 23:55. The raw temperature measurements
along with the respective hourly and daily rolling averages
are shown in Fig. 2. The readings are distributed around 20
◦C for the whole duration and sensor 07 shows a slight drop
in temperature at around 17:45 on the last day.

2.1. Measurement uncertainty
The sensors used in the actual measurement setup are

identical in terms of their calibration. For the purpose of
the present demonstration, however, we assume that all but
one of the sensors have a standard uncertainty of 100 mK,
while the remaining one has an uncertainty of 25 mK. The
sensor with the lower uncertainty (00) is indicated in blue in
Fig. 1. Given the uncertainties and readings from the eight
sensors, our goal is to estimate the temperature and asso-
ciated measurement uncertainty at any point in the volume
under consideration. In this regard we distinguish between
the temperature interpolation, which is carried out on real
data, and the uncertainty propagation, which corresponds to
a thought experiment that demonstrates the use of sensors
with heterogeneous uncertainty characteristics.



Fig. 2: The raw temperature readings from the eight sensors along
with the hourly and daily rolling averages.

2.2. Ordinary Kriging
Kriging [5] is an interpolation method based on Gaus-

sian processess with origins in geostatistics that, given a
finite number of samples, provides predictions for the value
of a function at unsampled locations under appropriate as-
sumptions about the mean and covariance of the underlying
process. Different variations of kriging are possible with re-
spect to the chosen constraints on the mean and covariance.
While Gaussian process regression assumes a known un-
derlying mean function, we assume that the random process
governing the temperature for our use case has a homoge-
neous unknown mean and use ordinary kriging to determine
the temperature at the unsampled points in the volume.

Given N observed values (for eg. sensor read-
ings) {T (x1), T (x2), . . . , T (xN )} at known locations
{x1,x2, . . . ,xN}, the prediction T̂ (x0) at a point x0 ob-
tained via ordinary kriging is given by

T̂ (x0) =

N∑
n=1

wnT (xn) = wTT , (1)

with wT1 =
∑

wn = 1 (2)

so as to ensure unbiasedness, i.e. E[T̂ (x0)] = E[T̂ (xi)].
The kriging estimate is determined by minimizing the krig-
ing variance or the variance of the error-function ε(x0) =
T (x0)− T̂ (x0),

σ2
ε := Var(ε(x0)) = Var(T (x0))+wTCw−2wTD , (3)

where T (x0) is the true value at x0, C is the covariance
matrix corresponding to the known samples andD is a vec-
tor whose components are the covariances between the ob-
served values and the function value to be estimated at x0.

An appropriate prior covariance function Cov(xi,xj) is
selected in order to determine Cij = Cov(xi,xj) and
Di = Cov(xi,x0). Typically, the underlying process is

assumed to be wide-sense stationary, i. e. Cov(xi,xj) =
Cov(|xi − xj |), and that the mean of the underlying pro-
cess is constant. In order to ensure a smooth interpolation,
the covariance function is generally chosen such that nearby
points have a stronger correlation. The covariance is esti-
mated using the variogram γ, which is related to the spatial
covariance by

γ(h) = Var(T (x+ h)− T (x)) = Cov(0)−Cov(h) (4)

and corresponds to the variance of the difference between
values separated by a distance h. The variogram is approxi-
mated from the sampled values by fitting a chosen paramet-
ric function function to the empirical variogram

γ(h) =
1

2|N(h)|
∑

(i,j)∈N(h)

(T (xi)− T (xj))2 , (5)

where N(h) denotes the set of all samples located at a dis-
tance h = |h| away from each other within a given tol-
erance. Common choices for the variogram function are
linear, Gaussian and spherical.

2.3. Motivation
The characteristics of the sensors used in measurement

rooms are dictated by factors such as operating cost, avail-
ability, interchangeability and ease of calibration. Often,
sensors with different uncertainty characteristics need to be
used in tandem. As the empirical variogram is computed
solely from the sensor readings, the measurement uncer-
tainty determined from its calibration is not directly taken
into account in Kriging. The sensor measurement uncer-
tainty can, in principle, be incorporated in the variogram
(4) via the nugget effect, i.e. a discontinuity in γ at h = 0.
For a Gaussian variogram model this results in

γ(h) =

{
0 for h = 0

c0 + c(1− exp(−3h2/R2)) for h > 0
, (6)

where the parameters c0, c and R are determined by fitting
the above function to the empirical variogram (5) such that
c0, the so-called nugget of the variogram, represents the
variations at small distances and the sill c+ c0 corresponds
to those at large distances. This way, the nugget effect is re-
flected in the kriging variance (3). However, the above for-
mulation cannot account for the case where the sensors at
the sampled locations have different associated uncertain-
ties, i.e. for the heteroscedastic case. Heuristic methods to
incorporate the individual sensor uncertainties in the nugget
effect have been implemented [7, 8]. It is unclear, however,
if these methods conform with the standards put forward
in the Guide to the estimation of Uncertainty in Measure-
ment (GUM, [9]) or if the computed kriging variances are a
complete measure of uncertainty. Complementing the krig-
ing variance with the propagated uncertainty of the sensor
readings to the interpolated points is necessary for a more
complete reliability statement.



3. IMPLEMENTATION DETAILS
The generation of the variogram and the estimation of the

kriged values were implemented using the PyKrige [10] li-
brary. In particular the OrdinaryKriging3D class is
used to fit a Gaussian variogram to the empirical variogram
computed from the eight sensor outputs. The kriged val-
ues and the resulting variances were estimated on a grid of
size 12×12×12 defined in the volume illustrated in Fig 1.
The spatial interpolation achieved using Kriging is demon-
strated in particular for the 200th measurement; see Table 1.

Table 1: Chosen Sensor Readings; cf. Fig. 1 for sensor labels.

Sensor 00 01 02 03
Reading (K) 20.01 20.04 20.08 20.07

Sensor 04 05 06 07
Reading (K) 19.98 19.99 20.06 20.05

3.1. Monte Carlo Uncertainty Estimation
The measurement uncertainties of the kriged estimates

on the grid is obtained by propagating the sensor uncer-
tainties using the Monte Carlo method in accordance with
the first supplement of GUM [11]. In each trial, a random
sample is drawn from the distribution modeling the uncer-
tainty knowledge about the eight sensor readings. To do
so, a multivariate normally distributed random variable with
zero mean is used whose covariance is determined from the
standard uncertainty of the individual sensors and is given
by the 8× 8 diagonal matrix

Covsensors = diag
(
.0252, 0.12, . . . , 0.12

)
(7)

The sample drawn from the aforementioned distribution is
added to the sensor readings given in Table 1. These values
are then used in a single Monte Carlo trial to initialize an
OrdinaryKriging3D object with the sensor positions
as parameters and the interpolated temperatures are calcu-
lated on the 12×12×12 grid corresponding to the measur-
ing region. These steps are repeated for Ntrials = 106 trials
to estimate the mean and variance of the temperature at each
point in the grid over all trials. A pseudocode for the Monte
Carlo trials is provided in Algorithm 1.

4. RESULTS
The interpolated temperature is illustrated in Fig. 3 for

two boundaries (W1 & W2) and the floor such that lighter
colors correspond to higher temperatures. Kriging with a
Gaussian variogram results in a smooth interpolation and
the kriged temperature at a given point on the grid depends
most strongly on the reading of the nearest sensor. The
kriging variance determined for the sensor readings in Ta-
ble 1 is illustrated along with the propagated measurement
uncertainty determined using the Monte Carlo method in
Fig. 4. The Monte Carlo simulation reproduces the sensor

Algorithm 1: Monte Carlo trials to propagate the
sensor uncertainty to the volume grid

1 Tmean ← Zeros(12, 12, 12);
2 vartemp ← Zeros(12, 12, 12);
3 for i← 1 to Ntrials do
4 [T̃1, . . . T̃8]← [T1, . . . T8] + N (0,Covsensors);
5 OK3D← OrdinaryKriging3D([x1, . . . x8], [T̃1,

. . . T̃8]);
6 Tkrig ← OK3D(Xgrid, Ygrid, Zgrid);
7 Tmean← Tmean + Tkrig;
8 vartemp← vartemp + T 2

krig;
9 end

10 vartemp←
(
vartemp − T 2

mean

)
/(Ntrials − 1);

11 Tmean ← Tmean/Ntrials;

Fig. 3: The kriged temperatures along the floor (left) and the re-
gion boundaries, W1 & W2. The labels are as indicated in Fig. 1.

uncertainty at their respective physical locations and, like
the interpolated temperature, the propagated uncertainty at
a given point depends strongly on that of the nearest sen-
sor. For instance, the propagated uncertainty is lower in
the vicinity of sensor 00. The estimated uncertainty at un-
sampled locations is lower than the uncertainty at locations
sampled by the sensors [12]. In contrast, the kriging stan-
dard deviation increases further away from the sensors and
reflects the reliability of the interpolation.

4.1. Kriging as a data quality metric
In addition to spatial interpolation, kriging can poten-

tially be used to assess the behavior of the sensors or to
monitor the climate-controlled room for anomalous behav-
ior. For instance, the temperature at the position of a given
sensor can be compared to the estimate obtained at the same
location by kriging the readings remaining sensors (eg.,
the temperature at x0 = x1 kriged using the readings at
xi, i = 2 . . . 8). The deviation of the sensor’s readings
from the kriged estimate can then be used as an assessment
of its behavior based on a consensus of the remaining sen-
sors can be made. The deviation of the individual sensor
readings from the kriged estimate of the temperature at their



Fig. 4: Top: The Monte Carlo propagated measurement uncer-
tainty along one boundary of the region. Bottom: The ordinary
kriging variance calculated for the same boundary. The sensor
numbers are as indicated in Fig. 1

position is illustrated in Fig. 5 for the entire duration of the
experiment. The deviation in the kriged values at the posi-

Fig. 5: The deviation of individual sensor readings from the value
at the sensor position kriged from the remaining sensors. Left:
hourly average, right: daily average.

tions of sensors 06 and 07 from their readings is noticeable
in both the hourly and daily averages. While the raw sen-
sor readings in Fig. 2 show a sharp change only in sensor
07, the deviation in the kriged estimate is also noticeable in
its physical neighbor, i.e., sensor 06. A smaller deviation is
also evident for sensors 03 and 06. In this way, it is possible
to rule out a sensor failure in favour of a localized temper-
ature change brought about, for instance, by the opening of
the nearby door. Conversely, a deviation in the reading of
an individual sensor could be indicative of a malfunction.

5. CONCLUSIONS
A method for interpolating room temperatures and com-

puting the associated measurement uncertainty from a lim-
ited number of sensor readings using ordinary kriging was
presented. The measurement uncertainty propagated from
the sensors to a point in a subvolume of the room differs sig-
nificantly from the interpolation standard deviation in the
same region determined from kriging the sensor readings.
The interpolated temperatures and the corresponding uncer-
tainties depend most strongly on those of the nearest sensor
such that the propagated uncertainty is smaller in the vicin-
ity of the sensor with lower uncertainty. A potential appli-
cation of kriging for a consensus based quality-of-sensing
assessment was also presented. By comparing a given sen-
sor reading with the kriged value at its position determined

from the remaining anomalous sensor readings can be iden-
tified. In future research, the effect of adding and removing
sensors to the setup as well as a comparitive study with con-
ventional Gaussian process regression will be carried out.
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