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Abstract—This letter presents a spatial regression framework that does not rely T e e e

on absolute positions, such as those obtained from the Global Navigation Satellite | - -~~~ ) || comen
System. Typical spatial analysis methods, which depend on precise sensor location Oromy o

data, can result in increased sensor costs and reduced accuracy in challenging ¢ —
environments, such as indoor or underwater settings. Our framework circumvents
the need for positioning functions at the sensors by estimating the locational relation-
ships among sensors on relative coordinates based on the probability distribution
of the sensor locations and spatial correlations of the sensed data. The server
then performs spatial analysis on the relative coordinate system using a regression

Map sensor positions
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Resample and
create distance matrices and model its distribution on relative coordinates

method, such as Gaussian process regression (GPR) or inverse distance weighting. We validate our approach with
two open datasets: a meteorological dataset from the Japanese Meteorological Agency and Intel Lab Data. In both
datasets, our results demonstrate that the proposed method can realize spatial regression analysis with less than
10% accuracy degradation in terms of median root mean squared error compared to GPR on absolute coordinates.

Index Terms—Sensor applications, environmental monitoring, Gaussian processes, regression analysis.

[. INTRODUCTION

Environmental monitoring with Internet of Things (IoT) devices
has gained significant attention recently [1]. Typical monitoring ar-
chitectures employ multiple sensors to collect environmental data
such as temperature and air quality. This data is then aggregated by
a centralized server, which performs regression analysis over spatial
or spatio-temporal domains. Environmental information often shows
spatial correlation (e.g., [2]). By focusing on the fact that the cor-
relation tends to decrease monotonically with the distance between
two observation locations, Gaussian process regression (GPR) [3] or
inverse distance weighting (IDW) [4] can interpolate information in
unobserved areas [5]. This enables efficient estimation of environmen-
tal information from limited observation information and is expected
to improve various factors in the society (e.g., power consumption
reduction by optimizing air conditioning control and detecting areas
dangerous to the human body).

Traditional spatial analysis methods, however, generally rely on pre-
cise sensor-location information. Although Global Navigation Satellite
System is a common choice for sensor positioning, it often leads
to increased sensor costs' and significant accuracy degradation in
challenging environments, such as indoor or underwater locations [6].
There has been a wide range of discussions aiming to enhance the
localization accuracy, such as Angle-of-Arrival (AoA) [7], Time-of-
Arrival (ToA) [8], and fingerprinting [9]. Further, recent progress in
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'For example, Adafruit Ultimate GPS (https://www.adafruit.com/product/746) costs
roughly $30 per module and works at 20 mA operating supply current.

machine learning enables further localization accuracy: e.g., feder-
ated distillation [10], deep learning with radio maps [11], and robust
fingerprinting in multifloor indoor environment [12]. However, these
approaches require measurements of Wi-Fi signal strength or strict
time synchronization between sensors (AoA and ToA), which still
does not effectively address the cost issue.

To overcome these challenges, this letter proposes a spatial regres-
sion framework that does not rely on absolute positions for distributed
monitoring systems. Our approach focuses on visualizing the spatial
distribution of environmental data without relying on sensor location
information, using a relative coordinate system instead. It begins by
estimating the locational relationships among sensors based on the
probability distribution of the sensor locations and spatial correlation
of the sensed data. The server then performs spatial analysis using
these relative coordinates with a regression method. Our results with
two open datasets demonstrate that the proposed method can visualize
environmental information with accuracy comparable to traditional
GPR that uses precise location data.

II. SYSTEM MODEL

We consider an environment where N sensors are distributed in a
2-D area. Each sensor observes time-series data of the interest and
records it with the observation time; however, it is not equipped with
any positioning function for its location. These sensors are connected
to a server by a wireless network, such as a low power wide area
network. The server collects data from the sensors and estimates the
target information at a specific location and time.

The ith sensor is fixed at an absolute coordinate x; in a 2-D space
X4. x; is selected based on a probability density function (PDF) f;(x)
(e.g., Poisson point process (PPP) [13]), which is available on the
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Fig. 1. Estimation flow.

server. When the sensors measure the target data atz =1,2,..., 7,
the local dataset at the ith sensor can be written as D; = {[¢, y(x;, )] |
t=1,2,...,T}, where y(x;, t) is the environmental information. The
environmental information y(x, ¢) varies depending on the coordinate
x and time 7. Experimental results in various fields have suggested
spatial correlation performance of the environmental information
monotonically decreasing with the distance between the sensors (e.g.,
temperature [2] and received signal power in wireless systems [14]).
Based on these empirical discussions regarding the spatio-temporal
statistics perspective, we assume that y shows a distance-dependent
spatial correlation; i.e., the correlation between two sensing locations,
Corly(x;, 1), y(x;, )], decreases as the distance ||x; — X;|| increases
(e.g., exponential decay model). Further, on the fixed points, it varies
based on a stochastic process over the time domain.

The full dataset at the server can be written as D = | J, D;. The
server tries to estimate the target value at x, and 7 based on O and
fi1(x). However, it is impossible to estimate y(x,, 7) on the absolute
coordinate system X}, since the dataset does not contain the sensing
locations. Therefore, we herein introduce a 2-D relative coordinate
area X, which is a rectangle normalized to length one on the longest
side, and consider mapping an absolute coordinatex € X, intoX € Xk.
The estimation target on the relative coordinates can be expressed as
y(X,, T'). The server first estimates X; in 9 based on the correlation
of observations and f;(x). Then, it estimates y(X., 7') on the relative
coordinates via a regression analysis.

LOCATION-BLIND SPATIAL REGRESSION

Fig. 1 overviews the proposed framework for estimating y(X,, T')
based on D and f;(x). This method focuses on the fact that the
spatial correlation of y(X, 7) decreases monotonically with the distance
between sensors in most spatio-temporal monitoring systems [5]. Our
framework estimates the distribution of sensor positions on the rela-
tive coordinate by the following three steps: ordering the intersensor
distances using the intersensor correlation values, simulating sensor
distances based on the ordering information and f;(x), and performing
multidimensional scaling (MDS) [15]. Then, y(X, ) is estimated on X
by a regression method, such as GPR.

Let us denote the time-series data vector at the ith sensor as Y; =
[y(x;, 1), y(x4,2), ..., y(X;, T)]. When the correlation coefficient be-
tween Y; and Y; is expressed as p; ;, the correlation matrix between
the sensors can be defined as p(e RV*V). If the exact correlation

model is available on the server, we can predict the relative coor-
dinates using this model and p. However, such correlation perfor-
mance depends on the environment, and it is practically impossible
to model it when the absolute coordinates of the sensors are unknown.
Alternatively, we focus on the monotonically decreasing feature in
the spatial correlation and the fact that f;(x) can be transformed
into the distribution of distances to the kth nearest neighbor (NN)
sensor. Focusing on the column direction of this matrix, p;; is
monotonically decreasing for the Euclidean distance d; ; L |x, —x Sl
Thus, p can be converted into an ordering matrix O, where o; ;
represents the order of correlation value with the jth sensor from
the ith sensor. This ordering matrix can be divided into upper and
lower triangular portions to create two ordering vectors Oypper, Olower €
R(N(Nfl))/z; ie., Oypper = o2, 013,+..5,023,024,..., O(Nfl)’N] and
Olower = (02,1, 03,1, 032, ..., On,w—1)]- The order values in 0y, and
Ojwer are equal to the ones obtained from the exact distance values
between the sensors, because f; can be transformed into a probability
distribution f; representing the kth neighborhood distance, we can
estimate the distribution of the sensor position on the relative coordi-
nate by iterating sampling of the distance between sensors and MDS
for the distance information. Therefore, we next generate 2L-distance
matrices by sampling from f;.

The distance matrices created by the /th sampling are denoted by
Dglp)per, Dfé;er € RV*N respectively; after 2L matrices are generated, we
convert these distance matrices into the sensor locations on relative
coordinates based on MDS. In the following, D) and D), ca
be treated similarly so that they will be referred to together as D(”
and let X A(” be the /th estimated relative coordinate of the ith sensor.
The matrlx that arranges the relative coordinates can be written as
XO =g 2. %], The conversion from simulated distance
matrix D® to relative coordinate X’ using MDS is proceeded: MDS
first finds the two largest eigenvalues of —1 (I — +J)DO (I — +J) o
and 1) and the corresponding eigenvectors eﬁ” o) JisaNxN
matrix in which all elements are one). Then

1) @)
- e A 0
X0 =" . (1
0 Ay

Now consider plotting each generated £’ on Xx. Let o be the vector of
even-rounded averages of the elements of 0yper and Ojower, and d; is the
mean distance from a sensor to the ith nearest sensor obtained by the
distribution f,. In other words, if f,(d, i) is a PDF for the distance d
from a sensor to the ith nearest sensor, then d; = E[ f,;(d, i)]. Based on
d;, let d be the vector with the elements of o replaced by distances. For
example, ifo =[5, 1, 2, 3, 4], thend = [ds, d), d», d3, d4]. A distance
matrlx D is created using the vector d. Then, based on D, matrix

=[], %,,...,%y]" can be generated for each sensor position us-
ing MDS. Then, based on orthogonal Procrustes analysis [16], each
relative coordinate is aligned to Xy by finding the orthogonal matrix
Q. This matrix can be found by

Isl_zl(ill)l 1IXPQ® —X||, subject to (sz<’>)T Qb =1 )
Specifically, 2" in (2) can be found by singular value decomposition
(SVD) of (XD)TX: if the result of SVD is ULV*, Q¥ = UV*. By
multiplying Q for each X from the right, respectively, all simulated
points of the estimated sensor positions can be plotted on Xk. For
the plotted points, the distribution of each sensor position on the
relative coordinate system X can be estimated by using kernel density
estimation [17].

Finally, the target value on y(X,, T7') can be estimated by a regression
method on Xg; e.g., GPR and IDW. For example, this regression
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can be realized by stochastic variational GPR (SVGPR) [18], which
is an approximation for GPR. GPR estimates the output in a target
point as a random variable following GP. Although the exact GPR
can perform an accurate non-parametric regression, it has several
drawbacks regarding computational complexity and robustness to
uncertain inputs. SVGPR introduces inducing points and variational in-
ference to support large-scale data and uncertain inputs. Assuming that
Y2YD =[y®&,,T).y&,T),...,y&y, T)], and all input points
are X1, SVGPR models the predictive distribution of y, £ y(%,, T)
as p(y.[Y) ~ N(u, 0%), where

n =k 7K;0  Kzz(Kyz + 0 Kag Ky, ) ' Kog, ¥ )
* = kR, %) — kg, 1K, ka*
+ k2K, K Ky + 07 Kyg Ky ) ' KKy kg . (4)

Note that o, is the noise standard deviation, Z € R¥*2 is the inducing

points, and H is an integer. We set H = N), k(x;, X;) is the kernel func-

tion, and Kpyq is the matrix whose each element represents k(p;, q;).
Further, a pure IDW [4] can be implemented by the following:

1 L&)
o= 3w D ®)
i m = 1% — Xl

where w is a scalar controlling the dependence of weight coefficients
on distance (we set w = 2).

IV. PERFORMANCE EVALUATION

This section evaluates the performances using two open datasets:
an outdoor meteorological dataset provided by the Japanese Meteo-
rological Agency® and an indoor environmental monitoring dataset in
Intel Lab Data.* Note that we implemented this simulation on Python
3.12.1 with scikit-learn 1.4.1.post1, scipy 1.12.0, and numpy 1.26.4.

A. Japanese Meteorological Agency Dataset

We extracted 103 meteorological stations that contain a daily tem-
perature, precipitation, wind speed, and sunshine hours for a total
of 273 days from January 1 to September 30 in 2023, included in
JGD2011/Japan Plane Rectangular CS IX. The positions of these
stations were converted to rectangular coordinates; then, we scaled
the x- or y-axis, the longer one, to be within the range of [0, 1]. The
sensor locations were modeled as a PPP with an average of 18 points
per unit area. After candidate points were selected based on PPP, the
nearest station from each point was selected as the observation point.
We verified the accuracy for 100 randomly-selected datasets.

The accuracy was tested at the unselected sensors on September
30, 2023. To evaluate how the proposed method can approach the
location-given method, we selected GPR with exact location infor-
mation, referred to as location-given GPR (LGGPR), as the baseline.
This method performs the GPR for Y7 on X,. Further, in addition
to the SVGPR, the proposed method utilized IDW, NN interpolation,
and least squares (LS) as the regression method to discuss the effects
of the regression method in our framework. Note that GPR-based
methods used radial basis function kernel with scaling. Further, f; was
determined empirically by generating one million sets of points based

2This letter implemented the IDW function so that y, = y(%;) when a measurement sample
satisfies ||[X, — X;|| = 0. Further, a safer implementation for ||X, — X;|| < 0 can be realized
if we append a small constant (< 1) to the distance.
3https://www.data,jma.go.jp/gmd/risk/obsdl/
“https://db.csail.mit.edu/labdata/labdata.html
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Fig. 2. Example of temperature estimation in Japanese meteorologi-
cal agency dataset. (a) LGGPR. (b) SVGPR. (c) IDW. (d) LS. (e) NN.

on PPP on the area where the sensor is located. Estimation examples
in the temperature monitoring are shown in Fig. 2. Note that, for the
demonstration purpose, the longer x- or y-axis was scaled to [0, 1]
in LGGPR. The proposed method shows a certain amount of error in
mapping sensor positions. However, SVGPR and IDW can estimate
the accurate temperature heatmap as in the LGGPR. SVGPR and IDW
can estimate the nonlinear and continuous variation of environmental
information along the spatial axis through a weighted average that
considers spatial correlation with the observed samples. In contrast,
LS cannot accurately represent the nonlinearity in spatial variations,
often leading to lower precision. Further, NN uses only the nearest
sample from the estimation point for inference, disregarding others.
While this method maintains the nonlinearity of spatial variations, it
can cause discontinuous variations in areas far from samples, resulting
in increased error.

Root-mean-squared errors (RMSEs) for temperature [°C], precipita-
tion [mm], wind speed [m/s], and sunshine hours [h], respectively, are
shown in Table 1. This table contains the RMSE values of LGGPR
and proposed methods at the median (50 percentile) and the 90
percentile performances. To discuss effects of the sensing period on
computing the correlation matrix, we introduce a ratio of time-series
data used for the inference, r, (0 < r;, < 1). Based on the time indexes
in the full data, the server performs the proposed method with data
ont =|(1—r)T|+1, (1 —r)T|+2,...,T;Table 1 includes the
RMSE values under r, = 0.3, 0.5, 1.0. In, = 1.0 (i.e., inference with
full sensing time), the proposed method with SVGPR could estimate
an accuracy degradation of about 10% or less than the LGGPR in all
observation targets at the median. Further, although the lightweight
computation, the IDW was also able to estimate almost as well as
SVGPR; in contrast, LS and NN showed less accuracy than SVGPR
and IDW. This trend was similar at the 90 percentile. In addition,
reducing r, did not necessarily deteriorate the RMSE performance;
i.e., SVGPR or IDW well approximated the LGGPR in various sensing
conditions. Spatial correlations of environmental information are not
necessarily invariant over time and are affected by climate change
and other factors [2]. Therefore, spatial correlation analysis using
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Table 1. RMSE in Japanese Meteorological Agency Data

(a)
Median (50 percentile) 90 percentile
Target / Method |LGGPR'SVGPR IDW LS NN [LGGPR SVGPR IDW LS NN
Temperature | 2.60 2.89 3.03 5.87 4.01| 3.19 411  3.71 12.40 6.11
Precipitation 1.37 1.47 210 3.45 2.06| 3.95 4.08 4.25 8.34 554
Wind 0.73 0.76 0.74 1.11 0.83| 0.99 1.02 1.03 227 1.27
Sunshine hours| 1.84 1.94 1.95 2.37 2.06| 2.35 246 256 530 3.29

(b)

Median (50 percentile) 90 percentile
Target / Method |LGGPR'SVGPR IDW LS NN [LGGPR SVGPR IDW LS NN
Temperature | 2.60 293 3.01 6.02 3.50| 319 = 4.20 3.70 10.54 5.73
Precipitation | 1.37 = 1.45 212 3.90 2.35| 395 = 4.00 4.05 14.68 8.84
Wind 073 076 0.73 1.10 0.85| 0.99  1.05 1.02 2.35 1.26
Sunshine hours| 1.84 ~ 1.97 1.94 2.80 2.12| 235 246 265 6.05 3.25

(c)

Median (50 percentile) 90 percentile
Target / Method LGGPR:SVGPR IDW LS NN LGGPR:SVGPR IDW LS NN
Temperature 2.60 295 3.03 6.21 3.95| 3.19 4.16 3.76 10.44 6.30
Precipitation 1.37 143 2.08 3.30 1.86| 3.95 4.05 4.06 13.71 5.54
Wind 0.73 0.75 0.73 1.22 0.90| 0.99 1.04 1.03 255 1.27
Sunshine hours| 1.84 1.98 1.95 256 2.18| 2.35 252 260 583 3.16

Methods that were closest in accuracy to LGGPR in each category were bolded. (a) 7= 0.3. (b) 7, =
0.5.(c) r,= 1.0.

Table 2. RMSE in Intel Lab Data

(a)

Median (50 percentile) 90 percentile

Target / Method LGGPR:SVGPR IDW LS NN [LGGPR SVGPR IDW LS NN
Temperature 43.7 44.4 445 66.5 56.5| 56.3 56.3 58.9 125.5 90.3
Humidity 21.0 216 21.1 314 25.7| 26.8 25.5 28.0 60.0 43.2
llluminance 584 603 610 887 712| 724 757 765 1803 950

(b)

Median (50 percentile) 90 percentile

Target / Method LGGPF{:SVGPR IDW LS NN LGGPF{:SVGPR IDW LS NN
Temperature 43.7 44.3 444 70.8 53.1| 56.3 58.5 59.5 126.1 87.2
Humidity 21.0 21.6 21.3 27.5 24.0| 26.8 255 27.8 523 38.8
llluminance 584 600 612 801 738 | 724 739 754 1437 1212

(©)

Median (50 percentile) 90 percentile

Target / Method LGGPF{:SVGPR IDW LS NN LGGPR:SVGPR IDW LS NN
Temperature 43.7 43.7 439 61.9 50.0| 56.3 57.2 59.4 128.2 82.0
Humidity 21.0 21.7 21.4 30.3 24.8| 26.8 248 27.4 66.2 43.0
llluminance 584 593 611 838 714 | 724 712 750 1424 1211

(@) r=0.3. (b) ,=0.5. (c) r,= 1.0.

data over a long time period does not necessarily contribute to RMSE
improvement.

B. Intel Lab Data

This dataset contains environmental information collected from 53
sensors deployed at the Intel Barkley Research lab from February
28 to April 5, 2004. These sensors observed temperature, humidity,
illuminance, and voltage. Our evaluation selected a total of 29 of these
sensors, which output more than 4000 data; in addition, we extracted
349 records in which all 29 sensors observe simultaneously.

RMSE values for temperature [°C], humidity [%], and illumi-
nance [Ix] are shown in Table 2. As with the meteorological dataset
case, SVGPR and IDW performed well in the indoor environment. This
result indicates that even though location-unknown case, the proposed
method can estimate with the accuracy close to the location-known
method. Overall, for both outdoor/indoor scenarios, SVGPR showed

the best accuracy in the proposed method. SVGPR can estimate the
mean and variance of the target, although the other methods estimate
the mean only. Thus, it will be a better choice for applications requiring
the error distribution, such as interference management in wireless
communications [19]. Further, IDW also indicated adequate accuracy
performance overall. IDW is more computationally efficient than
SVGPR because it only computes the inverse of the Euclidean distance.
IDW can also be an option for a lightweight analysis.

V. CONCLUSION

We proposed a location-blind spatial regression framework, which
works on the relative coordinate system. Evaluation results showed
that the accuracy of the proposed method can be sufficiently close
to that of the case where the location information is available in both
indoor/outdoor environmental monitoring scenarios. Since our method
does not rely on absolute coordinate information, it will enable low-
cost [oT monitoring systems in a wide range of applications.
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