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Abstract.

In our research, we are concerned with sensing the envinonomEng mo-
bile robots. This enables selection of optimal samplingfionis in order to pro-
duce maximum information about the environment. Selectibsampling loca-
tions plays a key role in hospital environments, for exampleere humidity and
temperature levels or carbon dioxide concentration mayiregegular monitoring.
On the other hand, the accuracy of a regression model dement®e sampling
locations, which is significant, for example, in planetaxpleration.

In geostatistics optimal spatial sampling strategiescbefor sensor locations
that produce minimal variance in estimates with a restlictamber of sensors.
Minimal variance is achieved, for example, by minimizing ttonditional entropy
of unobserved locations, where the environment is modeif#dg Gaussian pro-
cesses.

In this paper, we propose an experimental environment fomap spatial sam-
pling using mobile sensors. Mobility reduces the religpitif sampling locations
due to odometer failures, which again reduce the likelihobithe model. We have
resolved this problem by building an experimental envirentrwhere a ceiling
camera vision system provides multi-robot localizatioramarea measuring ap-
proximately 240 x 160 cm. Preliminary experiments compatinal spatial sam-
pling for both stationary and nonstationary models usirejascomeasurements of
ambient light and magnetic flux density.
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Introduction

Gaussian processes have a long history in geostatistiteindntext of interpolation,
where the method is known as kriging [10]. Later, the maché&aening community
adopted Gaussian processes [16] for regression problemesewhey enabled reasonable
interpretations for predictions of models, yet providednapge and sufficent choice of
models. In the field of robotics, Gaussian processes haemtlgattracted attention in
terrain modelling [9], for example, since they allow prigrdwledge of the environment
to be taken into account in the model.

Gaussian processes are also useful in distributed sensémgusos, like in hospital
environments, where humidity and temperature levels dsaradioxide concentration



may require regular monitoring with a restricted numberefsors. On the other hand,
in spatial sampling, for example in planetary exploratibe, accuracy of the regression
model depends on the sampling locations. In our researchyaveoncerned with sens-
ing the environment using mobile robots. This enables teleof optimal sampling
locations in order to produce maximum information aboutaheironment.

In geostatistics, optimal spatial sampling [3] searchesémsor locations that pro-
duce minimal variance in estimates with a restricted nurobsensors. Correlations be-
tween the samples are modelled using a Gaussian processvHidh is a generaliza-
tion from probability distributions to functions: a meamfition describes the expected
value and a covariance function, the variance in an estiataaiven location. Minimal
variance is obtained by minimizing the conditional entropunobserved locations [15],
which is analogous to maximizing the entropy of sensor loaat An alternative ap-
proach is to maximize mutual information [8] between sarmpl¢hich leads to samples
focused closer to the centre of the sampling area.

In this paper we propose an experimental environment fardysin optimal spatial
sampling strategies using mobile robots. The experimamakonment is a restricted
area where mobile robots can measure ambient light and iafjog density and place
the measurements onto maps. Mapping and optimal samplang aentralized control
system aided by roof camera-based localization. Contidsansor information between
the robots and the control system is supplied through raginsunication. Section 1
briefly reviews the theory of Gaussian process regressidisantion 2 introduces infor-
mation about theoretical criteria in optimal spatial saimgpl Section 3 presents the ex-
perimental environment with some preliminary results diropl spatial sampling with
two different data sets: one from ambient light and the oftten magnetic flux density
measurements.

1. Gaussian processes

A Gaussian process [14] can be seen as a collection of caadigactions that model

the environment. The range of functions is restricted byadance function and the
most probable function is described by a mean function. Btiygra Gaussian process is
defined by a mean function (1)

u(z) = E[f ()] @)
and a covariance function (2)
c(z, 2') = E[(f(z) — p(@))(f(z') — p(z'))] )
wheref(z) is a random function obeying the Gaussian procesé (3).
f(x) ~ GP(u(=), c(z,z’)) ®)

We can imagine a functiofi(x) as a finite dimensional vectgr where each random
variabley® in some orthonormal basis corresponds to a function valy&z;). Thus,

1Bold lowercase characters denote vectors and uppercasieenaiNot bolded italic characters stand for
scalars and constants.



a Gaussian process defines a joint distribution of randonaasp(y*, y2,- - ,y")
with a mean value vecton = (p1, o2, , ) @and a covariance matrig’',,,, with
elementsc;; = cov(y’,y7). In order to define a continuous covariance function, we
can use integral operators to define the correlation betvases. Thus, the covariance
among function values is given by

(i) — p(z:))(f (25) — p(zy))]
) _

(@) k(xs, 25) (f(2:) — p(@:))]
= Uar(yi)k(mi,:vj)

cov(y’,y’) = E[(f
=E[(f

(i

where the kernel functioh(x;, ;) must be symmetric, positive and definite.
1.1. Gaussian process regression

A Gaussian process defines a prior probability distributieer functions before any ob-
servations are made. This leads to a Bayesian inferencehwhihis context is known
as a Gaussian process regression. In the Gaussian progesssien we try to estimate
the most likely posterior distribution over functiofiéx), conditioned on measurement
functionz(x). For a multivariate Gaussian distribution we have that tveddional dis-
tribution is given by a conditional mean (4)

Yp = My, + Crim(Cmm + UgImm)il(zm - Hm) 4)
and a conditional variance (5)
var (Y, — Y,) = Cnn — Crm (Crum + UgImm)ilcmn (%)

wherecs? is the measurement variance (independent measuremedts)iarthe number
of measurements.

1.2. Sationarity

A Gaussian process is said to be stationary if its mean anariemce functions are in-
variant to translations, i.eu(x) = A ande(z, ') = ¢(x—=a'). The stationarity assump-
tion is somewhat artificial, since nature provides spatifdrimation that is inherently
irregular but yet continuous. In order to obtain a more aatimodel of the environ-
ment, one could try to learn the parameters of the model basedperience. This leads
to non-stationary Gaussian processes, where the mearoiigtiefined by parameters
and the covariance function, by hyperparameters. A cavegifunction restricts models
to those that do not violate the definition of symmetric pesitlefiniteness.
The literature [14] provides many non-stationary versiohisovariance functions.

In this study we adopted tHéSK covariance function (6) [6], [13]

c(xi, ) = /R2 k(xi, w)k(x;, u)du (6)

which uses local kernel functiorigv, w) centred on locatiomw. If each of these are
given through Gaussian kernels, i.e,



blo,) = (20) 22 exp (50 - 02 (0 - w))
the covariance function can be given as (7)
1 _
(i, ;) = S(x;, @;) exp (—5(-’&' ) (Zi+ %)) (@ - -’Bj)) @)

whereS(z;, z;) = (2r) V2|2, + 3,712,

2. Optimal spatial sampling

Optimal experimental design for spatial sampling [3] applihe theory of optimum ex-
perimental designs [1] to stochastic processes, typitalBaussian processes. The prob-
lem is to select the sampling locatioAs” = {x7, x5, ..., z},} that provide maximum
information about the environment. In stationary Gauspiatesses, optimal sampling
is suggested to correspond to regular sampling with eveislyiloited sampling loca-
tions [12]. In non-stationary processes one could intefgivargue that in optimal sam-
pling the sampling locations should be distributed so thepet more information from
areas where the data are less spatially correlated, andetisa.

2.1. Maximum Entropy Sampling

In maximum entropy sampling [15] the objective is to minimigncertainty in unob-
served locations. Now we state that the variaklesndv are members of observeéd
and unobserved sets, respectively, and for the sets we have that X \ U where
X = {x1,x,...}. Minimal uncertainty is obtained by selecting sampling locations
X* so that conditional entropy is minimized. This is equivalEnmaximizing the en-
tropy of a random functiorf () in sampling locations (8)

X" = axgmin H(f(v) f(w)

= argmin (H(f(x)) — H(f(u)))

u

= argmax H(f(u)) (8)
u
whereld C X : [U| = m.
For a Gaussian procegsz) ~ GP(u(x), c(x, '), the entropy at locationd is
given by (9)

H(y,,) = —/p(ym)logp(ym)dym

= %10g((2we)m|0mm|) (9)

wherey,, = {y',y?,...,y™} andy’ = f(u;). Thus, maximal entropy in the sampling
locations is obtained by maximizing the determinant of c@avece matrixC',,,,,, which

is one form ofD-optimal design [1], [2]. However, this isMP-hard problem, for which
reason the following greedy heuristic [8] is typically used



Start with an empty optimal set* = () and a full retrieval seY = X

Add on each iterationthe locationz that has the highest conditional entragly =
argmax,, H (f (w)| (X} )

Remove on each iteration the optimal location from the retrievalée= i/ \ x;}

Finish with an optimal set of location&™* : |[X*| = m

which follows from the chain rule of entropy (conditionakeapy), i.e,

H(f(X7)) = H(f (@) [ H(f(X71)) + H(f (X))

In the previous section we found that the conditional disttion of a Gaussian process
is given by a multivariate normal distribution with a mean &hd variance (5), which
for a single random variablg = f(u;) is given by a 1-dimensional normal distribution.
As given by (9), we are now searching for the locatigrthat maximizes the conditional
varianca;_ar(lef(Xi*_l)) = war(y")—cov(y", f (X7 1)) )var(f(X7y))cov(f (X)), y")
on every iteration.

3. Experiments

In our experiments, a distributed multi-robot sensingexystvas used to collect scalar
maps of ambient light and magnetic flux density. These date fuether used in simu-
lated optimal spatial sampling for both stationary and stationary models. The accu-
racy of the models was measured by the integrated mean shgiaice (IMSE) between
the models and the maps. We assumed that optimal spatialisgmging non-stationary
Gaussian processes would provide more accurate modelstdtaomary processes. The
following subsections present the experimental enviramtyrdata acquisition and simu-
lation results, respectively.

3.1. Experimental Environment

In spatial modelling, mobile sensors provide an opporjuinitselect sampling locations
that maximize the accuracy of the model. However, mobilkgiuces the reliability of
the sampling locations due to odometer failures, whichragadluce the likelihood of
the model. Therefore, we built an experimental environrtteattprovides an opportunity
to study spatial modelling with known sensor locations. €kperimental environment
was realized using roof camera-based multi-robot loctidima remote-operated robots
and a central computer that performed data acquisitiorgtrotntrol and environment
modelling.
The multi-robot localization [11] was based on colour segtagon, which proved

to be an efficient and reliable method. In order to localize identify each robot from a
roof camera image, localization discs (Figure 1) were medion top of the homogenous
robots [4]. The segmentation algorithm exploits an HSV wokpace with the V channel
discarded for better tolerance against changes in lighfihg hue and saturation of each
pixel was compared against preset minimum and maximumhhbtés. The robot can-
didates with a large enough area were found using conneotaganent labelling. The
smaller rings under the robot area were sought in a similan@in order to identify the



Figure 1. Three different localization discs attached to homogemobsts.

robots. The orientation of the robots was calculated as ntigéeadbetween the centroids
of the rings.

The segmentation algorithm provided multi-robot local@aon image coordinates
as presented in Figure 2. In order to find a transformatiowden image and metric
coordinates, the camera was calibrated using Heikkiléim&a calibration toolbox for
Matlab [5]. Based on the calibration, one pixel in the imagsyudged to correspond to
ca. 2.3 mm in the metric coordinate system. The remainintgpidisn, occurring espe-
cially near the image corners, was further reduced by nealitransformation resulting
from curve fitting.

Figure 2. A Roof camera localization in a three-robot system

The accuracy of the localization system was evaluated ftir pasition and orienta-
tion. Accuracy was measured on a plane in ten positions chas¢he basis of system-
atic unaligned sampling [7]. Table 1 presents the resulksazflization accuracy. The lo-
calization method reached a frame rate of 18 FPS with a résolaf 1024 x 768 pixels
on a 3 GHz P4 desktop computer. The presented experimerted@ment can provide
simultaneous localization for up to six robots with virtyainaffected performance.



Table 1. Observed localization errors

Position, x| Position, y | Orientation
axis axis
Maximum ab-| 3.8cm 4.4cm 13.7 deg.
solute error
Mean absolute| 1.6cm 1.7cm 4.7 deg.
error
Localization 0.1cm 0.1cm 2.9 deg.
standard devia-
tion

3.2. Data acquisition

The environmental data were acquired using a group of tluleets. The robots moved
arbitrarily in an area measuring approximately 180 x 160 dmievmeasuring ambient
light and magnetic flux density. Furthermore, this data viaisesl and averaged on scalar
maps containing 288 samples with a 10 cm grid. These mapseserged in Figure 3(a)
and Figure 3(b). The units of ambient light and magnetic flemsity were scaled and do
not correspond to true luminance [cdArer magnetic flux density [T].
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Figure3. Scalar maps

3.3. Smulation results

Optimal spatial sampling simulations were performed foriemmental data collected
in advance using robots. The stationary models used a Gaussinel (10)

k(@i ;) = (2m) /2|57 exp <—%($i —a;) 'S (@ - wj)) (10)

where the variance hyperparameter was given a constar valu

4000 0
2_[ 0 4000]'



This kernel was also an initial estimate for each local keimthe non-stationary Gaus-
sian processes. For both ambient light and magnetic fluxitgesimulations, the mean
value functions in the Gaussian processes were set to aacopgt) = 100 LSB.

For local kernel adaptation in the non-stationary Gausgimtesses we used
bounded linear adaptation with evaluation structure tenf6ST], as presented in [9].
However, in our simulation local gradients had to be cakedldrom interpolated values,
in contrast to [9], who were able to use all the collected damim the adaptation. Es-
pecially at the beginning of the sampling, this caused atamated spatial smoothness
in some interpolation areas. Thus, for maximum entropy $iagpphese areas seemed
to provide a small amount of information and they were unalergled. To overcome
these difficulties, the learning rate and the hyperpararbetendaries were given values
n = 0.2, omin = 3000 ando,,q, = 5000.

Figures 4(a) and 4(b) present 50 optimal samples in amhghttdnd magnetic flux
density interpolation, respectively. These samples welected by maximum entropy
sampling for both stationary and non-stationary modelghistationary models the
optimal samples are distributed uniformly over the santgphnea, whereas in the non-
stationary models the sampling locations are focused motkeareas with the greatest
gradients, i.e., on the areas that provide the most infaomatout quantity.
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Figure 4. Optimal sampling locations

Figures 5(a) and 5(b) present integrated mean squared exsaa function of the
optimal samples up to 50 samples. The integrated mean shaa@s were obtained
by comparing the interpolation results with the maps. Th&Bvbf ambient light in-
terpolation was nearly equal after 50 samples for both nsoddlich results from the
smooth variation in spatial data. The IMSE of magnetic flursity interpolation was
slightly smaller for the non-stationary model. Howeveg tlifference was not statisti-
cally significant. Figures 6(a) and 6(b) present statiomatgrpolation, and Figures 7(a)
and 7(b) nonstationary interpolation in a 50-sample optspatial sampling. We believe
larger data sets with more variation would bring out the atages of the non-stationary
models.
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Figure 6. Stationary interpolation
4, Conclusions

In this paper we presented an experimental environmenpfiimal spatial sampling in a
multi-robot system. The environment enabled research tmapspatial sampling using
distributed and mobile sensors. The experimental enviesmiwas realized using roof
camera-based multi-robot localization, remote-operaddots and a central computer
for data acquisition, robot control and environment madgll

In the simulations, the accuracy of optimal spatial sangplias measured for both
the stationary and non-stationary models. Although thelteslid not show a clear ad-
vantage of the non-stationary models, authors believegihian larger and more variable
data sets the difference would have been more significam.sithulation results en-
courage the authors to develop actual optimal spatial Sagipiethods for multi-robot
systems. Such a research area contains not only optimizatilmformation, but also
optimization of measurement time, travelled distances, @utdoors, aided with GPS
localization, these methods could measure pH levels ortiigem content of water, for
example.
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