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Abstract—When developing new systems for structural health
monitoring of infrastructure buildings such as bridges, the
structure to be monitored is typically equipped with various
sensors and monitored through the data obtained. This sensor
data, however, is often dependent on environmental influences
such as temperature. In this paper, an approach for adjusting
the corresponding covariances of sensor outputs by use of
smooth/nonlinear, penalized regression splines is presented. For
illustration, the method is applied to a rich, publicly available
data set (OSIMAB).

Index Terms—partial covariance, penalized regression splines,
residualization, response surface model, sensor data, temperature
effect

I. INTRODUCTION

Structural health monitoring (SHM) uses sensor data from
buildings such as bridges to detect, localize and/or quantify
damage; compare, e.g., Ahlborn et. al. [1], Ou and Li [13]
and Seo, Hu and Lee [15]. As these measurements are not
obtained under laboratory conditions, the data are dependent
on environmental influences such as temperature. Therefore,
a model to adjust for these covariates, is required when
analyzing the data.

FIGURE 1. VALLEY BRIDGE SACHSENGRABEN [2]

A recent and very broad review of methods for SHM under
varying temperature conditions is provided by Han et. al.
[5]. With respect to forecasting and separating temperature-
induced from structural responses, it is distinguished between
input-output methods and output-only approaches. In the first
case, both observations of the sensor output and confounding
variables such as temperature are considered, while in the

latter case, as the name tells, only the vibration or static
(such as strain) responses of the structures are used, often
employing projection methods such as principal component
analysis (PCA), compare, e.g., Kromanis and Kripakaran [9],
Wah et. al. [17] and Yan et. al. [21]. Wah, Chen and Owen
[18], by contrast, proposed a method for vibration-based
SHM data which uses a simple regression analysis where the
vibration properties are used as independent and dependent
variables. Therefore environmental and operational conditions
are not needed for modeling. Among input-output methods,
a very popular approach is to regress sensor measurements
on environmental and/or operational variables, which is also
known under the name response surface modeling. Then,
following the so-called “subtraction method”, the predicted
sensor data is subtracted from the actually observed data, and
the residuals are used for further analysis. For fitting regression
function(s) to the data, various methods are available, ranging
from simple linear or polynomial regression to advanced
machine learning approaches such as support vector machines
or artificial neural networks; see, e.g., Jin et. al. [7], Kromanis
and Kripakaran [8], Ni et. al. [11] and Zhou, Ni and Ko [22].
In this paper, we will present a nonlinear regression technique
using penalized splines, which is a very popular approach
in semiparametric statistics for fitting nonlinear regression
functions. Those functions are obtained in a very flexible, data-
dependent yet explicit, interpretable fashion; that means, not
as a “black box” as it is often the case with other nonlinear
machine learning algorithms.

We will illustrate our approach on the OSIMAB (Online
Safety Management System for Bridges) [12] data set, which
consists of sensor measurements of the valley bridge Sach-
sengraben on the motorway A45 in Germany. In FIGURE 1 a
picture of the bridge is shown. Among other things, strain was
measured with 28 strain gauges in 100 hertz and temperature
with ten structure temperature sensors and one outer temper-
ature sensor in 1 hertz from January 1st 2020 to August 1st
2021. The strain data was downsampled to 1 hertz. TABLE I
provides an overview of the strain sensors we used and how
they are named in the OSIMAB data set [12].

The northern superstructure of bridge is divided into three
fields with two positions in field 1 and 3 and three positions
in field 2. The strain senors are evenly distributed on the
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TABLE I
NAMES OF STRAIN SENSORS

here OSIMAB data set
1 N F1 SG 1 NO
2 N F1 SG 1 NU
3 N F1 SG 1 SO
4 N F1 SG 1 SU
5 N F2 SG 1 NO
6 N F2 SG 1 NU
7 N F2 SG 1 SO
8 N F2 SG 1 SU
9 N F2 SG 2 NO

10 N F2 SG 2 NU
11 N F2 SG 2 SO
12 N F2 SG 3 NO
13 N F2 SG 3 NU
14 N F2 SG 3 SO
15 N F3 SG 1 SU
16 N F3 SG 2 NO
17 N F3 SG 2 NU
18 N F3 SG 2 SO
19 N F3 SG 2 SU

left (north) and right (south) sides of the bridge. At each
position four strain gauges, two on the northern and two on
the southern side, are appliqued on the lower strap and on the
bar as shown in FIGURE 2. The structure temperature sensors
are in a hollow box beneath the roadway arranged as shown
in FIGURE 3. We used the first and 10th temperature sensor
for our analysis. Temperature sensor 1 is in the middle of the
street eastwards between strain sensor 1 and 3, and temperature
sensor 10 is to the east of strain sensor 1.

For illustrating the effect of response surface modeling in
the OSIMAB data, we will use covariances as a measure of
association between sensor outputs. That is why we will first
motivate the approach from the perspective of conditional and
partial covariances in Section II. Section III then presents
the basics of penalized regression splines. Application to
OSIMAB is found in Section IV, and Section V concludes.

FIGURE 2. STRAIN SENSOR IN POSITION 1 OF FIELD 1 [16]

II. CONDITIONAL AND PARTIAL COVARIANCE

Let u and v be two random variables describing two differ-
ent sensor outputs and let z denote a potentially confounding

FIGURE 3. TEMPERATURE SENSORS [16]

covariate, such as temperature. First, let us assume that u, v
and z are jointly normal, i.e.u

v
z

 ∼ N

µu

µv

µz

 ,

σuu σuv σuz

σvu σvv σvz

σzu σzv σzz

 . (1)

Further let
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, Σuv =
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, Ψ =
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)
.

Then for the conditional distribution of (u, v) given z we have(
u
v

)
|z ∼ N

(
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σzz
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.

For estimating the conditional covariance of u and v given z

σuv|z = σuv −
σuzσvz

σzz
,

we can use the empirical versions of σuv , σuz , σvz and σzz .

Alternatively, u and v can be regressed on z, and then
we can calculate the covariance of the residuals. This
approach is known under the name partial covariance. In
fact, the covariance of u and v after being regressed on z in
a linear way is consistent with the conditional covariance if
we assume a joint, trivariate normal distribution of (u, v, z),
because then:

E

((
u−

(
µu +

σuz

σzz
(z − µz)

))
(
v −

(
µv +

σvz

σzz
(z − µz)

)))
= σuv −

σuzσvz

σzz
.

However, assuming joint normal distribution (1) for the
derivation of the conditional covariance and the use of linear
regression for partial covariance might be too restrictive.
Therefore, as a generalization of the partial covariance ap-
proach, we may allow nonlinear regression functions fu(z)
and fv(z) when modeling the association between the sensor
outputs u and v and the covariate z, respectively. Then we
have for the sensor outputs u and v

u = fu(z) + ϵ,

v = fv(z) + ξ,
(2)
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and the partial covariance is calculated as the covariance of
the residuals ϵ and ξ.

As already sketched in the Introduction, various methods are
available for fitting the (non-)linear regression functions fu(z)
and fv(z) to the data. Ni et. al. [11], for instance, used support
vector machines (SVM) with a linear estimation function and
compared the results with those of a (multivariate) linear
regression model. Specifically, they used SVM to formulate
regression models which quantify the effect of temperature
on modal frequencies of vibration data. In their studies, the
data set is divided into a training and a validation set and
the squared correlation coefficient is used as a measure of
the model performance under different SVM coefficients.
But they claim that the prediction of a model with SVM
coefficients optimized by the training data is bad. Worden and
Cross [20] used a Bayesian Treed Gaussian Process (TGP)
model to represent pre-processed vibration-based SHM data
(natural frequencies) as a function of temperature, wind and
traffic load. The TGP approach, however, is computationally
expensive and Worden and Cross only considered data with
the number of sampling instances in the hundreds or thousands
(thanks to pre-processing through natural frequencies). In what
follows, we will present our penalized spline approach that
can deal easily with high-dimensional data as given with
OSIMAB.

III. PENALIZED REGRESSION SPLINES

Our proposal for estimating fu(z) and fv(z) is penalized
regression splines as implemented in R-package mgcv [14],
[19]. Generally speaking, those functions f : T → R are of
the form

f(z) =

q∑
k=1

bk(z)βk, (3)

where b1(z), . . . , bq(z) are (pre-specified) basis functions and
β1, . . . , βq are corresponding basis coefficients that need to
be estimated from the data. T is a sensible subinterval of R
containing the z-values observed in the data. A popular choice
for the basis is cubic B-splines; compare, e.g., Eilers and Marx
[4]. If both the predictor z and the response, let’s say u, are
available for n data points in terms of (ui, zi), i = 1, . . . , n,
basis coefficients βk from (3) can, for instance, be estimated
through least-squares. That means, we have to minimize the
function

Q(β) = ∥u− fu∥2 =
n∑

i=1

(
ui −

q∑
k=1

bk(zi)βk

)2

,

with β = (β1, . . . , βq)
⊤, u = (u1, . . . , un)

⊤, fu =
(fu(z1), . . . , fu(zn))

⊤, and closed form solution

β̂ = (B⊤B)−1B⊤u.

Here, B is an (n× q) design matrix with (B)ik = bk(zi).
However, for being sufficiently flexible with respect to the

types of functions f that can be fitted/approximated through
(3), typically a relatively large number q of basis functions
needs to be chosen. If then fitted via ordinary least squares

the estimated βk, and hence the resulting f , tend to be wiggly
and hard to interpret. A common remedy is to add a smoothing
penalty when fitting f , resp. β1, . . . , βq . A popular choice is
to penalize curvature in term of the integral of the squared
second derivative for f . Specifically, the following applies∫

T
f ′′(z)2dz = β⊤Ωβ

where Ω is a penalty matrix whose concrete form depends
on the basis being chosen; compare, e.g., Lancaster and
Salkauskas [10]. Model (2), resp. β, is then estimated by
penalized least squares in terms of minimizing

∥u− fu∥2 + λβ⊤Ωβ,

with closed form solution

β̂ = (B⊤B + λΩ)−1B⊤u.

The procedure for v, resp. fv , or outputs of further sensors,
is completely analogous. The strength of the penalty, i.e.,
the amount of smoothing, is controlled through parameter λ,
which should be chosen in a data-dependent fashion (compare
Section IV). Then, further analyses are based on the residuals
ϵ and ξ from (2), which is also known under the name
(univariate) “residualization”. In the following Section IV, we
will consider the OSIMAB data and focus on the partial co-
variance as being estimated through the (empirical) covariance
of the residuals resulting from penalized spline regression as
described above.

IV. OSIMAB

The data from January 1st 2020 to August 1st 2021 of
strain sensor 1 and temperature sensors 1 and 10 are shown
in FIGURE 4. Looking at it, the strain is apparently depen-
dent on the temperature. Therefore, for estimating the partial
covariance, the data is modeled as in (2) where the response
variables u and v are the outputs of two strain sensors, the
covariate z is the output of temperature sensor 1 or 10,
respectively; and fu and fv are the corresponding penalized
cubic regression splines. K-fold cross-validation is used to
determine the smoothing parameter and the gam function
from mgcv is used to fit the model. K-fold cross-validation
means that the data set is divided into K (roughly) equally
sized segments, and it is iterated over those segments. In
each of the K iterations, K-1 sets are used for training
the model(s), and the set left out serves for validation and
calculating the prediction error of each fitted model, compare,
e.g., Hastie, Tibshirani and Friedman [6]. The obtained K
prediction errors are then combined, and we can choose the
smoothing parameter that minimizes this quantity. We allow
smoothing parameters to vary across sensors.

FIGURE 5 shows the regression functions for the first strain
sensor regressed on the first and 10th temperature sensor,
respectively. Except for temperatures around zero, those func-
tions appear rather linear, which indicates that also a simple
(linear) regression model might be sufficient here. Neverthe-
less, the partial covariance could be different from the marginal
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FIGURE 4. STRAIN (SENSOR 1) AND TEMPERATURE (SENSOR 1 AND 10)
DATA

one which results from the strain sensor output if ignoring
temperature. In FIGURE 6 the covariance of the full strain data
(19 sensors, compare TABLE I) without taking temperature
into account, i.e., the marginal covariance (top), and the partial
covariance, i.e. the covariance of the residuals, is shown in
dependency of the first (center) and 10th (bottom) temperature
sensor, respectively. Indeed, there seem to be some rather
structural differences between the marginal covariance (top)
and the partial version if regressed on temperature sensor 1
and 10, respectively. The change in the structural appearance is
more important than the magnitude of the covariance because
the covariance is not a normalized measure.

V. DISCUSSION AND OUTLOOK

Our analyses showed that covariances of sensor outputs may
change depending on environmental factors such as tempera-
ture. Ignoring this can be harmful, in particular if the SHM
system uses output covariances to detect potential damage. The
presented approach of using response surface modeling and
partial covariances, however, still has some potential short-
comings and limitations that we hope to resolve as part of our
future research. First, and even if all potential confounders are
known/observed, there are potential confounding effects on the
covariance of sensor outputs that may be missed by response

FIGURE 5. PLOT OF REGRESSION FUNCTIONS FOR FIRST AND 10TH
TEMPERATURE SENSORS (FIRST STRAIN SENSOR)

surface modeling and subsequent residualization. We are hence
planing to switch from partial covariances to conditional ones
estimated in a data-driven and flexible/nonparametric way.

Second, response surface modeling as done here (and often
in the literature) ignores that sensor outputs may be correlated
over time and exhibit some recurring daily pattern that might
be due to unobserved confounding. Ignoring the correlation
when fitting the regression functions through ordinary least
squares, common maximum likelihood, or a similar, e.g.,
Bayesian, approach that assumes conditional independence
between measurements, will typically lead to less accurate
estimates and, more importantly, biased measures of statistical
uncertainty such as confidence or prediction intervals. In SHM,
the latter can be particularly harmful if those intervals are
used for detecting if measurements are “out of control”. In
addition, besides the environmental and operational factors
that are monitored, there might be other confounders whose
values are not observed and hence not available for an input-
output method, which makes output-only methods an attractive
alternative. To attack the problem of correlation, recurring
daily patterns and unobserved confounding, we plan to develop
a functional data framework for SHM that combines an input-
output method for correlated and partly/potentially periodic
data (function-on-function regression) with an output-only ap-
proach (functional principal components analysis) in a sound
and interpretable way.
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FIGURE 6. COVARIANCE OF THE STRAIN DATA AND RESIDUALS (TEM-
PERATURE SENSOR 1 AND 10)
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