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Abstract—In this paper, we focus on the design of reduced-
complexity sensor compensation modules based on learning-
from-examples techniques. A multiobjective optimization design
framework is proposed, where system complexity and compen-
sation uncertainty are considered as two conflicting costs to be
jointly minimized. In addition, suitable statistical techniques are
applied to cope with the variability in the uncertainty estimation
arising from the limited availability of data at design time. Numer-
ical simulations are provided on a set of synthetic models to show
the validity of the proposed methodology.

Index Terms—Multiobjective optimization (MOO), sensor
compensation, support vector machines (SVMs).

I. INTRODUCTION

G ROWING numbers and types of sensors are employed
in industrial plants, vehicles, and civil infrastructures, as

well as in environmental and biomedical applications. Highly
integrated single-package chipsets are equipped not only with
sensing and conditioning elements but also with small compu-
tational units and possibly a wired or wireless communication
unit. Such integration enables sensors to be organized in smart
sensor systems, such as wireless sensor networks, that are able
to accomplish higher level functionalities like self-diagnostics,
adaptivity, and data fusion. Applications of this kind are charac-
terized by stringent platform resource limitations; thus, a low-
power, low-cost design strategy has to be adopted [1], [2].

One of the most critical issues that needs to be dealt with
in the design of sensor networks is related to the intrinsic
behavior of the sensor itself. In fact, the dynamic characteristic
of (cheap) sensors can be altered by nonlinearities and memory
distorsions, whose effects can be reduced only by employing
specific compensation strategies. Usually, sensor compensation
techniques based on inverse modeling criteria are considered to
reconstruct a given input signal on the basis of the correspond-
ing output.

In particular, since sensor dynamics are in most cases non-
linear, and typically unknown, nonparametric techniques are
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most suitably employed. Along this line, we propose the use of
learning-from-examples algorithms, which allow one to model
the behavior of the sensor by inferring a general rule based only
on a set of input/output measurement data. Among them, the
renowned support vector machines for regression (SVR) seem
to be good candidates, both from a theoretical perspective and
from on-field achievements [3], [4].

However, to produce a feasible design solution for low-
power, low-cost sensor compensation, stringent constraints on
memory size, central processing unit capability, and power
consumption have to be met. In this context, the use of sim-
ple devices such as 8- or 16-bit microcontrollers as digital
interfaces between the sensing unit and the transceiver is an
almost mandatory solution. Thus, system complexity optimiza-
tion becomes a major concern. The design of a compensation
algorithm that performs as accurately as possible while keeping
a low implementation cost is a problem that can be tackled
in a multiobjective optimization (MOO) framework [5] once
precise indexes for compensation accuracy and for complexity
are defined.

In this paper, several synthetic data sets for sensor com-
pensation will be used as a case study to introduce the MOO
design framework [6], as well as the use of SVR for sensor
compensation. The mean square error (MSE) will be used to
evaluate compensation uncertainty, whereas a complexity index
related to the number of required arithmetic operations will be
defined based on typical microcontroller characteristics. Design
space exploration is speeded up by employing the successful
technique of genetic algorithms (GAs) [5]. In this framework,
results based on numerical simulations will be shown, and
insights on the inherent tradeoffs will be given.

As a second contribution of this paper, we will focus our
attention on the estimation uncertainty that arises from the
scarce availability of sensor data of which the desired values
are known, which, from hereon, will be referred to as labeled
data. Such data usually come from a calibration bank or from
some other time-consuming measurement process and cannot
be produced in large quantity at low cost. Hence, in a real
design setting, MSE values are estimated on a small sequence
of labeled data. This introduces a nonnegligible variability,
which could mislead the whole design process if not taken
into account. A statistical analysis of MSE estimation will be
applied to the proposed case study, and as a result, an estimation
procedure will be proposed that reaches a compromise between
estimation accuracy and design space exploration search time.

This paper is organized as follows: Section II briefly accounts
for the state-of-the-art sensor compensation. Section III outlines
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Fig. 1. General scheme for sensor compensation based on digital signal processing.

the SVR-based sensor compensation approach. Section IV de-
scribes the MOO methodology. Section V illustrates simulation
results. Section VI integrates the previous results with useful
caveats and guidelines for MSE estimation. Finally, conclusions
are drawn.

II. SENSOR COMPENSATION

Sensor compensation refers to techniques aimed at reducing
nonidealities in input/output characteristics of sensors. An ac-
quisition system is usually made up of one or more transducers,
which convert the measurand u(t) into a form suitable for
analog-to-digital conversion, i.e., y(t). Ideally, the transduced
quantity should have a linear relationship with the measurand,
should be insensitive to the past history of the input signal, and
should be insensitive to interfering environmental factors, as
well as to offset, error gain, or other noise sources. Numeri-
cal techniques are currently applied for compensation, which
means that after the transduced analog signal is sampled and
quantized, a digital signal processing unit transforms the sensor
output signal y(t) into a corrected value û(n), as shown in
Fig. 1, where n is a discrete time index (t = nTs, Ts being the
sampling period).

The easiest approach to sensor compensation is to employ
a lookup table, but memory requirements scale badly with
problem complexity. When no prior knowledge of the sensor
dynamics is assumed, both linear and nonlinear techniques have
been applied, the former performing well only when nonlin-
earities are negligible inside the sensor operating bandwidth
[7]. Probably, neural networks (NNs) [8] are currently the most
popular solution, usually in the form of multilayer feedforward
NNs trained with backpropagation. An NN input can be just the
signal of interest y(n) [9] or can also include measurements of
a disturbance signal [10], [11].

Although in some cases an NN approach brings satisfactory
results, they exhibit well-known disadvantages when compared
to the more recent techniques like SVR (e.g., see [12]). First,
the NN training is not guaranteed to converge to the global
optimum, and the presence of many local optima requires re-
peating the training several times with different initial guesses,
with a negative impact on the computational cost. Moreover,
poor generalization capabilities are found when a small training
set with a highly dimensional input is used [13]. In the next
section, the use of SVR is proposed as a way to overcome such
drawbacks.

III. SVR-BASED SENSOR COMPENSATION

Since they were introduced by Vapnik in the mid-1990s,
support vector machines (SVMs) have proven to be an effective
tool for solving many different problems, including classifica-
tion and regression tasks [3], [4]. As opposed to NNs, SVMs do
not suffer from the problem of local optima since the training

problem is convex (see the following discussion) [4]. Moreover,
they tend to yield sparse solutions, which is a feature of great
interest for a reduced-complexity platform implementation. To
our knowledge, SVMs have not been proposed for sensor
compensation, whereas they are popular in the close field of
soft sensing [12], [14]. Recently, the authors have proposed to
exploit SVRs for the compensation of the nonlinear dynamic
characteristics of sensors [15].

The principle of an SVR-based compensation algorithm can
be summarized as follows: The task is to build an approxi-
mation function f̂(·) that is able to reconstruct the original
input value u on the basis of the output values y, given a
training set ZL = {(yi, ui)}L

i=1 of L samples characterizing
the input/output behavior of the sensor. In particular, ui ∈ �,
and samples yi ∈ �D are vectors of D features yi(n),
yi(n − 1), . . . , yi(n − D + 1), which represent past output
values. The compensation function is obtained by solving a
constrained quadratic optimization problem, which turns out to
be convex. More specifically, we will refer to the ν-SVR prob-
lem, introduced by Scholkopf and Smola [4], whose training
problem is formulated as follows:

max
α,α∗

⎡
⎣

L∑
i=1

(α∗
i−αi) ui −

1
2

L∑
i,j=1

(α∗
i−αi)

(
α∗

j−αj

)
k(yi,yj)

⎤
⎦

(1)

subject to

L∑
i=1

(α∗
i − αi) = 0

0 ≤ αi, α
∗
i ≤

C

L
L∑

i=1

(α∗
i + αi) ≤ Cν (2)

where αi and α∗
i are the optimization parameters, k(·, ·) is

a suitable kernel function, and C > 0 and ν > 0 are further
parameters to be set a priori. The resulting estimating function
takes the following expression:

û = f̂(y,α,α∗, q) =
∑

i∈SVs

(α∗
i − αi) k(yi,y) + q (3)

where “SVs” (support vectors) denotes the subset of training
samples associated with nonzero coefficients αi, α∗

i , whereas q
is a bias term that is computed using the Karush–Kuhn–Tucker
conditions (see [4] for further details).

To implement ν-SVR for sensor compensation, training is
performed offline, whereas only the computation of (3) has
to be carried out onboard, noting that yi and αi, which are
already computed in the training phase, are simply loaded in
memory. The smaller the number of SVs and the number of
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features D, the less the memory occupation. Similar consider-
ations apply for the number of operations necessary to output
a single û, which, in turn, affects both power consumption and
response time.

IV. MOO SETTING

In this section, the SVR sensor compensation problem is
presented as a MOO design problem. The design space, as
well as the design objectives, will be defined. The design space
exploration methodology will also be specified.

As explained in Section III, the solution of the training
problem (1) is expressed in a parametric form, where C and
ν have to be set a priori, both of them indirectly but strongly
influencing the solution quality and its sparsity, i.e., the num-
ber of SVs [4]. However, no explicit relationship describes
such influence; thus, a full search has to be performed. Sim-
ilar considerations apply to the choice of the kernel function
k(·, ·) and its parameter(s). We decided to use a Gaussian
kernel, i.e.,

k(u,v) = exp
(
−γ‖u − v‖2

)
(4)

which depends on the parameter γ > 0. This and other radial
basis function kernels are considered to be the most appropriate
when no further knowledge of the problem is available, since all
features are equally weighted [16]. Finally, the number of past
output samples D that form the feature vectors yi has also to be
determined. Then, given a training set ZL, the design parameter
space turns out to be defined as P = (ν, C, γ,D).

Our ultimate purpose is to find a profitable tradeoff between
two contrastive design goals, namely, a good signal recon-
struction accuracy and a low hardware resource usage. The
former can be rephrased as the minimization of the measure-
ment uncertainty, which we chose to quantify with the recon-
struction MSE.

The latter design goal may consist of more than a single ex-
pression to be minimized, e.g., one for memory occupancy, one
for power consumption, and so on, but for the sake of simplicity,
here, we will consider only one of them, namely, the number of
arithmetic operations required to output a single reconstructed
value û, which directly affects power consumption and system
response time. Some assumptions have to be made on the
hardware platform, as well as on the numerical algorithms
employed in the calculation of (3), to derive a formula that
relates any specific design point (ν, C, γ,D) to a corresponding
computational burden.

The following are assumptions based on existing imple-
mentations [17]. First, (3), where the Gaussian kernel (4) is
substituted for the generic kernel k(·), is rearranged as follows:

û =
∑

i∈SVs

exp

⎛
⎝γ

D∑
j=1

(
y
(j)
i − y(j)

)2

+ ln (α∗
i − αi)

⎞
⎠ + q

(5)

where y
(j)
i and y(j) are the jth components of the ith SV

and of the current sample, respectively. Noting that the terms
ln(α∗

i − αi) can be precalculated, a single output û requires

(2D + 1)NSV additions, (D + 1)NSV multiplications, and
NSV exponentials. We assume to have a microcontroller with
b-bit fixed-point arithmetic and no hardware multiplicator. The
exp(·) operation will be implemented using the CORDIC ap-
proximation algorithm [18]. Under these assumptions, a multi-
plication requires b additions (taking the worst case) and
exponential 3 · I + 1 additions, where we fix the number of
CORDIC iterations to I = b. Summing up, the cost of (5),
which is expressed in number of additions, is

N+ = NSV · ((b + 2)D + 4b + 2) . (6)

In the following simulations, we will assume b = 16.
The design objective space is then defined as O = (̂MSE,

N+). In general, it is not possible to find a single point in
the design space P that jointly minimizes all the objectives.
The classic MOO paradigm consists instead of the search for
a set of nondominated points in O, collectively forming the so-
called Pareto front, which is the set of solutions for which no
objective function can be lowered unless some other function is
increased [19]. Since a full search in P is computationally pro-
hibitive, GAs were used as a search engine, as already shown in
[6] and [20].

V. NUMERICAL SIMULATIONS

In this section, we present a selection of numerical sim-
ulations that were performed to validate the MOO approach
described in the previous sections. The purpose is to show that
the proposed MOO framework is a general and versatile design
tool for dynamic sensor compensation, allowing fine and direct
control on uncertainty–complexity tradeoffs. To this aim, we
tested diverse sensor models, signals, and noise conditions, the
most relevant ones being illustrated in the following discussion.
At this stage of the work, numerical simulations provide an
effective way to widen the range of validation conditions,
whereas experiments on real-world data sets may be adopted
in future analyses of specific classes of sensors/problems.

A. Simulation Setting

The MOO design framework described in the previous sec-
tions has been tested on several synthetic sensor models that are
both linear and nonlinear and excited with different input sig-
nals u(n). Linear models of different orders, having moderately
low-pass frequency responses, were analyzed. In particular, the
following two recursive sensor models were considered:

y(n) = g (u(n)) + 0.4y(n − 1) − 0.16y(n − 2) (7)

where

g (u(n)) = u(n) (8)

in the linear case, and

g (u(n)) = u(n) + 0.2u2(n) + 0.2u3(n) (9)

in the nonlinear case. The former system has two complex
conjugate poles in 0.4 exp(±j(π/3)), whereas the latter is a
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Hammerstein model whose dynamic block coincides with the
former system. In addition, the following two nonrecursive
sensor models were taken into account:

y(n) = g (u(n)) + 0.4u(n − 1) + 0.16u(n − 2) (10)

with zeros in −0.4 exp(±j(π/3)) in the linear version (8) and
(10), whereas this time, the nonlinear version (9) and (10) is
not in the class of the Wiener–Hammerstein separable nonlinear
systems. Although that class of systems is very often used for
modeling nonlinearities in sensors [21] and other real-world
systems [22], [23], by choosing a model out of this class, we
want to emphasize the generality of SVR as a nonparametric
compensation tool.

A white Gaussian noise term w(n) was also added to the
output, considering a signal-to-noise ratio of both 30 and 40 dB
with respect to u(n). The input signal u(n) was chosen to be a
white noise uniformly distributed in [−1, 1]. Training sets ZL =
{(y(n), . . . , y(n − D + 1), u(n))}L

n=1 with L = 50, 100, 200,
and 400 consecutive samples were considered.

To perform the ν-SVR algorithm, we employed the LIBSVM
tool [24], whereas we implemented NSGA-II (Elitist Nondom-
inated Sorting Genetic Algorithm) as a GA search engine [5].
Genetic coding of search variables in P and NSGA-II para-
meters were chosen as described in [17], with minor changes
to the purpose of speeding up search (a 5-bit coding length
for ν, C, and γ; population size = 30). N+ was calculated
from (6), whereas MSE was estimated on a holdout test set of
T = 10 000 samples using the formula

̂MSE
h−o

T =
1
T

T∑
n=1

(û(n) − u(n))2 . (11)

To achieve baseline results, we considered memoryless end-
point linearization (EPL). The steady-state solution of (7) and
(10) at the extreme values u = ±1 was calculated in both linear
(8) and nonlinear (9) cases, and a straight line passing through
those points provided the compensation equation. Sequences
of 100 000 samples were used to estimate the corresponding
baseline MSE, i.e., MSEEPL. This was compared with the SVR
MSE, i.e., MSESVR, with an accuracy improvement (AI) index
defined as

AI = 10 log10

MSEEPL

MSESVR
[in decibels]. (12)

B. Simulation Results

Fig. 2 shows a Pareto front for the nonlinear version (9) of
model (7) with 40 dB of added noise and a training set of
L = 200 samples. Starting from the rightmost point, we can
inspect the graceful MSE degradation as less complex solutions
are met. This confirms the goodness of SVR in this task and
displays the richness of information provided by the MOO ap-
proach. For example, a designer can see that passing from about
7000 to 3000 additions, the MSE increases from 5.9 · 10−5 to
1.2 · 10−4, which is around 3 dB (see Table I). This last choice

Fig. 2. Pareto front for the nonlinear model (7)–(9), 40 dB added noise,
L = 200, MSE estimated with (11), T = 10 000.

TABLE I
SUMMARY FOR THE NONLINEAR MODEL (7)–(9): 40-dB NOISE. BASELINE

MSEEPL = 3.48 · 10−1; LOWER BOUND MSELB = 3.33 · 10−5

TABLE II
SUMMARY FOR THE NONLINEAR MODEL (9) AND (10): 40 dB NOISE.

BASELINE MSEEPL = 8.87 · 10−2; LOWER BOUND

MSELB = 3.33 · 10−5

can be considered an advantageous tradeoff, unless special
design requirements are present.

The rest of this section is devoted to reporting the most
relevant and general observations that we could extract from our
simulations. Tables I and II report a selected set of simulations,
where each pair of rows having the same value of L summarizes
a single Pareto front (e.g., Fig. 2 is summarized by the fifth
and sixth rows in Table I). Values in the “point” column have
the following meaning: “min MSE” refers to the solution with
minimum uncertainty, which is always the rightmost point on
the front, whereas “half N+” refers to the point whose com-
plexity N+ is closest but not greater than half the complexity
of the “min MSE” point (e.g., in Fig. 2, it is the third from the
right).

A first aspect to be analyzed is the capability of the SVR
algorithm to accomplish the compensation task. In the case of
a uniform white input u(n), both linear and nonlinear sensor
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models were compensated up to an uncertainty level that was
often close to the lower bound given by the added noise w(n).
Such behavior was observed across repeated batches of simula-
tions performed under the same conditions with different train-
ing sets, where the uncertainty lower bound was often reached
only for a training set size of at least L = 400. More generally,
uncertainty decreased with increasing L. Tables I and II refer to
a 40-dB noise level, which corresponds to an MSE lower bound
MSELB = 3.33 · 10−5, since u(n) has a power of 1/3. Non-
recursive models (10) were usually harder to compensate than
recursive models (7), and this has the following interpretation:
To invert system (7), only three samples are enough, namely,
y(n), y(n − 1), and y(n − 2). On the other hand, to invert
(10), infinitely many samples in the past have to be considered.
Thus, in this latter case, only an approximate inversion can
be achieved. Tables I and II show this clearly in that D = 3
everywhere in the former case, whereas variations are found
in the latter case, with D increasing with the training set size
L, i.e., when more information is available. To confirm the
aforementioned interpretation, other nonrecursive models like
(10) were tested, considering zeros at different positions in the
linear case (8). The parameter D was observed to increase with
decreasing distance from the unit circle.

Quite different results were found when feeding the model
with a Gaussian white noise (not reported here). While Pareto
optimal solutions showed the same behavior with respect to
the number of past samples D used by the SVR, uncertainty
levels were decidedly higher than the uniform case. A plausible
explanation for this is found by noting that a Gaussian sample
{u(n)} contains also a few values far from the mean; thus, the
SVR algorithm is not able to generalize well in such situations.
Having a representative training set is a general requirement for
any learning-from-examples machine. In our problem, if only
a Gaussian input is available (e.g., thermal noise), then data
have to be preprocessed by removing values outside the range
of interest.

A second aspect of great relevance in a resource-constrained
design scenario is the way the complexity index N+ varies on
the Pareto front, as well as with different values of L. Pareto
fronts tend to be L-shaped, like in Fig. 2, which is a fact
that is revealed by the usually moderate losses in accuracy,
on the order of 3 dB, when passing from the “min MSE” to
the “half N+” solution on the same front. When considering
increasing training set sizes L, SVR often shows an increasing
computational complexity trend, which is not always followed
by a substantial decrease in uncertainty.

A final aspect concerns the capability of the NSGA-II algo-
rithm to explore the design space P . This was already shown
in [6], [17], and [20] and was confirmed here. In particular,
note that for the system (7)–(9), the values of D of the Pareto
optimal solutions were automatically found by NSGA-II, and
all of them coincided with the expected D = 3.

VI. MSE UNCERTAINTY EVALUATION

While the complexity index N+ is, to some approximation, a
deterministic number known after training, ̂MSE is evaluated
from the holdout estimator (11), whose statistical properties

depend on the holdout test set size T . In a real design setting,
the availability of labeled data is limited due to cost reasons.
Thus, we often must consider values of T much smaller than
what we used in Section V. In this case, the holdout estimator
(11) is known to exhibit poor performance in terms of high
variability with respect to different realizations of the test set
[17]. Thus, more sophisticated techniques have been devised,
such as k-fold cross validation [25] and bootstrap estimators
[26]. However, those techniques are computationally expensive
because they require retraining SVR with the same parameters
P tens of times. Since this would proportionally increase the
MOO search time, we decided to further investigate the possi-
bility of using (11) as often as possible.

To this aim, we investigated the variability of estimates
provided by (11) with respect to both test set realization and
parameters P . In fact, in a design space exploration, the test
set will not vary, whereas variations will involve P . A two-
way analysis of variance was performed, where the variability
in the parameter space P and the variability of the test set were
compared in the way they affect the MSE estimation error ε, i.e.,

ε = ̂MSE
h−o

T − MSE∞ (13)

where the asymptotic value MSE∞ was estimated using
(11) with T = 10 000, whereas T as small as 50 or 100 was

considered in ̂MSE
h−o

T . Results confirmed that variations with
respect to the test set have a significant effect on ε at the 95%
confidence level, whereas this cannot be said for variations
with respect to the design point P . Then, we can expect that
estimates obtained with (11) will not exhibit sensible variations
in terms of ε while using the same test set throughout the design
space P , but rather, they will tend to be uniformly shifted away
from their respective asymptotic values MSE∞. This is an
advantage in that a Pareto front, which is the result of global
multidimensional ranking, is not going to be severely shuffled.

Exploiting such results, we decided to proceed in two steps:
first, plug the holdout estimator (11) in the GA and perform a
complete design space exploration, then recompute MSE only
for the small set of solutions belonging to the Pareto front, this
time using the bootstrap estimator. This way, we are using a
more accurate but computationally expensive MSE estimator
to correct a first “tentative” Pareto front obtained with a less
reliable but computationally cheaper MSE estimator. Fig. 3
shows an example using the same setting as in Fig. 2 but now
using T = 100 for holdout estimates (diamond points). In the
same figure, bootstrap estimates obtained with 100 bootstrap re-
alizations (triangles) and asymptotic reference values (crosses)
recomputed on the same points are also reported. Note that
the Pareto front in Fig. 3, although not identical to the more
accurate front of Fig. 2, has a quite similar behavior. In addition,
bootstrap estimates are a bit better than the holdout estimates.

VII. CONCLUSION AND FUTURE WORK

In this paper, a MOO framework for sensor compensation
design has been introduced and analyzed. This framework
ultimately enables explicit control of computational complexity
at design time, which is an issue of paramount importance in
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Fig. 3. Pareto front for the nonlinear model (7)–(9), 40 dB added noise,
L = 200. MSE is estimated with (11), T = 100 for holdout, T = 10 000 for
asymptotic values, and bootstrap involved 100 iterations.

any reduced-complexity platform implementation. By using the
SVR algorithm as a compensation engine, we showed how to
tackle this design problem as a MOO problem, where design
space exploration is driven toward the joint minimization of
both measurement uncertainty and its own implementation
complexity.

Results are encouraging, since not only SVRs could achieve
good results in terms of signal reconstruction, but also, the
MOO framework allowed us to quite effectively analyze
uncertainty–complexity tradeoffs. Moreover, a statistical analy-
sis provided the necessary assurance concerning the reliability
of simple uncertainty estimators, even when only small data sets
are employed, which corresponds to a realistic design setting.

Several future directions are open, and we will list just a
couple of them here. The MOO framework could be extended to
support more than two objectives. For example, real-time com-
pensation could be dealt with by introducing three objectives,
namely, uncertainty, execution time, and power consumption.
SVMs showed good performance, but the MOO framework
could be used as a valuable comparison tool for the state-
of-the-art competing compensation techniques such as NNs.
To our knowledge, none of the many empirical comparison
of SVM versus NN has considered the point of view of
uncertainty–complexity tradeoff, but rather, mainly uncertainty
minimization is taken into account (e.g., see [27] and [28]).
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