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Study on the Effect of Electrical Conductivity on
Road Surface Wetness Classification Using

Capacitive Measurement Data
Jakob Döring , Lukas Lütkehaus, and Karl-Ludwig Krieger

Abstract—As the friction between a vehicle’s tires and the
road surface correlates with the road-covering water film
height, knowledge about the present wetness level is of
relevance for drivers and autonomous systems. A promising
approach for wetness quantification is based on a capacitive
transducer array (TA) that is integrated at a front wheel arch
liner and capable of detecting spray water ejected by the
tires. While this approach has already shown that wetness
classification using capacitive measurement data is feasible,
potentially affecting factors such as the water’s electrical
conductivity were assumed to be constant in the past. This
article presents a study on the effect of the spray water’s
conductivity on wetness classification for that approach and
also demonstrates the feasibility of classifying conductivity
using the same capacitive measurement data. For these purposes, we propose a test bench capable of simulating
reproducible spray water scenarios. We show the effect of varying conductivity on the measured capacitance curves
complicating the distinction of wetness classes. In partial investigations, we demonstrate the extent of the conductivity’s
effect on classifier performance. While wetness classification with conductivities differing from training results in poor
classifier performance, the mean accuracy (ACC) can be increased to approximately 0.98 considering all occurring
conductivities. Furthermore, we propose a two-stage classification approach that initially determines the conductivity
and subsequently considers it as an additional feature in wetness classification. The approach increases classifier
performance to more than 0.99 indicating that knowledge of the spray’s present conductivity can optimize road surface
wetness classification.

Index Terms— Capacitive sensors, electrical conductivity, machine learning, road surface wetness detection, vehicle
safety, wetness classification.

I. INTRODUCTION

DUE to lower friction between the road surface and a
vehicle’s tires, accident risk significantly increases on

wet road surfaces [1], [2], [3]. The extent of friction reduction
is dependent on the road-covering water film height which may
vary from a few microns to several millimeters [4], [5]. Thus,
knowledge about the current wetness level is of relevance for
drivers and autonomous systems.

In [6], a promising approach for road surface wetness
quantification was presented. It is based on a 2 × 4-planar

Manuscript received 12 August 2022; accepted 25 August 2022. Date
of publication 12 September 2022; date of current version 14 October
2022. This work was supported by the German Federal Ministry for
Economic Affairs and Energy (BMWi) under Grant 19A16016D. The
associate editor coordinating the review of this article and approving it
for publication was Dr. Ravibabu Mulaveesala. (Corresponding author:
Jakob Döring.)

The authors are with the Institute of Electrodynamics and
Microelectronics, University of Bremen, 28359 Bremen, Germany
(e-mail: doering@item.uni-bremen.de; l.luetkehaus@uni-bremen.de;
krieger@item.uni-bremen.de).

Digital Object Identifier 10.1109/JSEN.2022.3204111

capacitive transducer array (TA) integrated on a front wheel
arch liner’s rear-facing side and capable of detecting spray
water ejected by the tires. An experimental study on a test
track demonstrated the reliable assessment of wetness-related
dependencies using the proposed capacitive sensor sys-
tem. Moreover, a classifier was presented that is able
to automatically distinguish between eight wetness levels
with considerable performance. However, potentially affecting
environmental factors like the typically unknown water’s elec-
trical conductivity were considered to be constant in the study.

As known from the literature, unless a medium’s elec-
trical conductivity is not negligibly small, it contributes
to the complex permittivity and thus affects the absolute
capacitance [7], [8]. In the context of water as a medium,
various publications have presented experimental studies on
the conductivity’s effect on a capacitance measurement [9],
[10]. While the effect is undesirable in the field of level
monitoring, for example, it is exploited for water quality
monitoring in order to draw conclusions about the water
composition [11], [12].
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While the water’s conductivity on the test track was assumed
to be approximately constant in [6], significant deviations
can occur under realistic conditions, as shown by various
publications. Already the conductivity of rainwater can be
subject to significant variations. In [13], conductivity median
values in the range of 1 µS/cm ≤ σ ≤ 26 µS/cm were found
for harvested rainwater from air as well as roof coverings,
and in [14], values in the range of 6 µS/cm ≤ σ ≤
33 µS/cm for rainwater collected from open ground were
reported. In addition, vehicular and road contaminants can be
expected to increase the water’s conductivity, due to additional
free charge carriers in the form of ions [15]. Studies on
forest roads showed fluctuations in the range of approximately
50 µS/cm ≤ σ ≤ 200 µS/cm [16]. In the extreme sce-
nario, for contamination with road salt, conductivity of several
mS/cm is realistic [17].

In this article, we study the effect of the spray water’s
electrical conductivity on road surface wetness classification.
For this purpose, we simulate reproducible spray water scenar-
ios with ten different conductivities under defined laboratory
conditions on a test bench that includes a front wheel arch
liner along with a 2 × 4-planar capacitive TA. We demonstrate
the conductivity’s effect on the capacitance signal for an
exemplary scenario representing a specific wheel speed and
a road surface wetness class. For acquired measurement data,
we present an investigation regarding the effect on classifier
performance. Moreover, we show that classification of the
spray water’s conductivity using capacitive measurement data
is feasible. Furthermore, we propose a two-stage classifica-
tion approach to optimize the class prediction for occurring
conductivity differences.

The remainder of this article is organized as follows.
In Section II, we present the experimental setup for data
acquisition and illustrate the conductivity’s effect on the
measured capacitance characteristics. Section III outlines the
results for classifying wetness levels in the presence of varying
electrical conductivity. We discuss the results with respect to
the conductivity’s effect on classifier performance as well as
for the proposed two-stage classification approach. Finally,
a conclusion is drawn in Section IV.

II. EXPERIMENTS

In this section, we describe the experimental setup around
the sensor system used and the test bench developed. In addi-
tion, we outline the simulated spray scenarios and experiments
for data acquisition. Here, we illustrate the general capacitance
characteristics of a transducer (TD) as well as the effect of
varying conductivity on these characteristics.

A. Sensor System
In this article, data acquisition is realized using a sensor

system comprising a TA and application-specific sensor elec-
tronics. The individual components are described below.

1) TD Array: For the data acquisition in this article, a 2 ×
4-planar capacitive TA is applied on a front wheel arch liner’s
rear-facing side. The individual TDs are manufactured as flex-
ible printed circuit boards (PCBs) of size 54 × 54 × 0.2 mm3.
Due to their low thickness, they can be applied almost planarly

Fig. 1. Schematic representation of the (a) TA and the (b) sensor system.

Fig. 2. (a) Schematic representation and (b) information flow of the test
bench for simulating road wetness under laboratory conditions.

without significantly affecting the impinging and draining
droplets’ characteristics. Fig. 1(a) shows the arrangement of
the eight TDs as a front view divided into horizontal (HPs) and
vertical positions (VPs). In the following, the exact position
is given by Pxz , where x corresponds to the HP and z to
the VP. The detailed layering of the TDs, as well as the
parameterization of the individual complementary electrode
designs (EDs), corresponds to the description given in [18].
In brief, ED1 provides the highest dynamic range and sensi-
tivity for low amounts of water, whereas ED2 is supposed to
allow detection of larger quantities. ED3, on the other hand,
has the highest penetration depth and is designed to distinguish
between very large water quantities. For more details on the
EDs, which are out of the scope of the article, refer to [18].

2) Sensor Electronics: For reliable acquisition of the capac-
itive measurement data, application-specific sensor electron-
ics are used, mounted in a waterproof housing behind the
wheel arch liner. Fig. 1(b) shows the sensor electronics’ block
diagram. FDC2214 [19] represents the core component for
recording and digitizing the capacitances. For this purpose,
the capacitance-to-digital converter (CDC) uses LC resonators
that are tuned to 100 kHz for data acquisition. In addition, the
sensor electronics include a 32 bit microcontroller, a tempera-
ture sensor, and a controller area network (CAN) transceiver.
The measurement data of the individual TDs are transmitted
as int16 data type via CAN bus, resulting in a theoretical value
range of −3276.8–3276.7 pF with a resolution of 0.1 pF and
a sampling rate of 145 Hz.

B. Test Bench
In order to simulate different spray water scenarios, a test

bench is implemented based on the fundamentals of water
ejection by a tire and video recordings of test drives on wet
road surfaces. Fig. 2(a) shows a schematic representation of
the developed test bench for simulating road surface wetness.
A key component is a front wheel arch liner including the TA
and associated sensor electronics. Analogous to the positioning
in a vehicle, it is mounted and aligned on a scaffold of
aluminum profiles (for the sake of clarity, the illustration



19724 IEEE SENSORS JOURNAL, VOL. 22, NO. 20, 15 OCTOBER 2022

TABLE I
VOLUMETRIC FLOW RATES OF THE FOUR USED FCNS ACCORDING

TO THEIR DATA SHEETS

of the scaffold is omitted). A membrane pump, which can
generate a maximum pressure of 6.9 bar, transports water via
a proportional valve and a pressure sensor through a tube to a
full cone nozzle (FCN). The water is sprayed from this nozzle
and impinges on the wheel arch liner as drops. The nozzle is
vertically adjusted by a servomotor. Furthermore, a covering
to prevent spray water from emerging enables a continuously
filled water reservoir in the form of a collection tank, thus
creating a closed water circuit.

The individual components’ connections and the resulting
information flow at the test bench are shown in Fig. 2(b).
In addition to the sensor electronics, control electronics and
regulation electronics are developed. The latter is used to
regulate the pressure at the nozzle. The key component here
is a microcontroller, which handles the digital control of the
proportional valve as a proportional–integral–derivative (PID)
controller. It receives the command variable from control
electronics via interintegrated circuit (I2C). A pressure sensor
with a measuring range of 0–10 bar supplies the control
variable. The calculated manipulated variable is transmitted
to the input of the proportional valve via pulsewidth modula-
tion (PWM). In addition to the target pressure, the control
electronics also transmit the desired angle setting to the
servomotor via PWM. Furthermore, the pump is switched by a
metal–oxide–semiconductor field-effect transistor (MOSFET),
and the sensor electronics’ measurement data are received as
well as processed via CAN. The control electronics transmit
the capacitive measurement data, the sampling time, and the
measured pressure to a personal computer (PC) using a serial
interface.

C. Realized Scenarios
The circumferential spray to be simulated, which is the

dominant spray type for the wheel arch liners, correlates with
road surface wetness, wheel speed, and spray-off angle [6],
[20]. While higher wheel speed leads to larger spray amounts
and smaller drops due to a higher ejection frequency, greater
road surface wetness results in larger amounts and bigger
drops [21]. In addition, drop size and quantity decrease as
the spray-off angle increases due to released water along the
rotation.

The correlation to road wetness is realized using various
FCNs that allow different volumetric flow rates and thus
varying drop sizes and quantities at a defined pressure. Table I
summarizes the flow rates of the four nozzles applied exem-
plarily for 1 and 3 bar. The amount of water increases with
the applied pressure, analogous to an increase in wheel speed

TABLE II
OVERVIEW OF THE SIMULATED SCENARIOS IN DEPENDENCE ON THE

RELEVANT PARAMETERS

TABLE III
ELECTRICAL CONDUCTIVITY σ-SPECIFIC SAMPLE

NUMBERS OF THE DATASET

in the real use case. Furthermore, due to the FCNs’ character-
istics, an increase in pressure results in decreasing drop size
and thus in another analogy. Although the vertical distribution
of the impinging drop quantity can be controlled by adjusting
the nozzle’s angle, the decreasing drop size with the spray-off
angle can only be realized to a limited extent due to the
largely homogeneous spray cone and therefore represents a
limitation of the test bench. Another limitation results from
neglecting tire design, which is a potential influencing factor,
as geometry and tire depth affect the water amount that can
remain attached to the tire after lift-off. This factor requires
individual investigations, which are beyond the scope of this
article. Nevertheless, the realistic simulation of exemplary
spray water patterns can be implemented, which enables
reproducible investigations. A total of ten different scenarios
are simulated at the test bench that exemplarily represent
a defined degree of road surface wetness and wheel speed.
Table II summarizes the realized scenarios in dependence of
the relevant parameters. Here, the class and speed assignments
are selected according to the investigations from [6].

For systematic data acquisition at the test bench, each of
the ten scenarios defined in Table II is recorded under constant
ambient conditions with water of ten representative conductivi-
ties summarized in Table III. For each of these conductivities,
determined by a conductivity meter [25], the scenarios are
recorded with ten measurement series of 90 s. The measure-
ment duration is split into three time segments; the prerun



DÖRING et al.: STUDY ON THE EFFECT OF ELECTRICAL CONDUCTIVITY ON ROAD SURFACE WETNESS CLASSIFICATION 19725

Fig. 3. (a) Schematic representation showing the idealized capacitance
characteristic of a TD with impinging spray water. (b) Mean capacitance
with standard deviation (shaded) for an exemplary scenario (SC2

) and
TD position (P22; see Fig. 1) of four conductivities σ.

segment tpre = 10 s, the simulated road surface wetness
segment twet = 40 s, and the postrun segment tpost = 40 s.

Fig. 3(a) shows the schematic representation of the idealized
capacitance curve of a TD for one measurement run. Since
the relative capacitance change transmitted by the sensor
electronics neglects the TD’s basic capacitance and due to
idealized conditions at the test bench, Cstart equals zero in the
prerun segment (I) that simulates a dry road section. As a
result of the impinging water drops, the capacitance increases
to a value Csat characteristic of the simulated scenario (II).
In region III, the capacitance fluctuates around Csat with a
standard deviation due to the stochastic component of the
continuously impinging and draining water drops. As no
further drops impinge on the TD, the capacitance decreases
due to the running-off water in region IV to Cend which is
defined by the number of remaining drops.

Although the individual scenarios and thus exemplary spray
patterns are reproducible, the varying electrical conductivity
results in significant differences in the capacitance curves of a
scenario. Fig. 3(b) shows the capacitance curves of an example
scenario (SC2 ) averaged over ten runs for one TD and four
conductivities. As the figure indicates, the conductivity-related
deviations are high compared to the fluctuation around Csat,
thus complicating the distinction of wetness levels.

III. CLASSIFICATION

To evaluate the feasibility of classifying wetness levels
in the presence of varying electrical conductivity for the
realized scenarios, corresponding investigations are carried out
in this section. After describing the fundamental framework
for classification, we discuss the results with respect to the
conductivity’s effect on classifier performance and introduce
a two-stage classification approach subsequently.

A. Fundamental Framework
For the classification into wetness levels, the individual

measurement series with a length of 90 s is split into seg-
ments of 100 sample points, considering the sensor system’s
sampling rate, and assigned to one of the five classes from
Table II. Due to the comparatively large portion of the pre-
and postrun time (in total 50 s), representing the class dry,
there is an imbalance of the classes that can lead to problems
in the classifier evaluation. A frequently used method in
literature for balancing the dataset is random undersampling
that implements a random elimination of samples belonging to

the overrepresented classes [26]. A drawback of this method
is that potentially valuable data can be discarded as well
as the original distribution is altered [27]. However, since
an arbitrary amount as well as reproducible measurement
data can be generated at the test bench and furthermore, the
original distribution does not contain relevant information,
the drawbacks can be considered negligible here. Considering
the segments of 100 sample points as well as the random
undersampling, the acquired measurement data result in 58 500
samples, where each class of a conductivity σi comprises 1170
samples.

Within this article, the accuracy (ACC) is used to evaluate a
classifier, which is the most widely applied evaluation metric
for balanced datasets and is defined as the ratio of correctly
classified samples to the total number of samples [26], [28].
In addition, we use a feature selection algorithm as features
can correlate with each other and be counterproductive to the
decision process [29]. Besides complexity and training time
reduction, a key advantage of feature selection is the potential
increase in classifier performance [30], [31]. In this article,
we use sequential forward selection (SFS). SFS is a bottom-up
search strategy successively adding features selected by an
evaluation metric to an empty feature set until no further
performance increase can be achieved by additional features.
It has the advantage of being robust to overfitting and also has
comparatively low computational costs [29], [30].

Furthermore, a k-nearest neighbor (KNN) classifier with
Euclidean distance metric is used to classify wetness levels
in this article. In order to predict a class, KNN identifies
k points in training data with the smallest distance to the
test sample to be assigned. In order to determine an optimal
k, one reliable way is to perform cross-validation tests with
various values and select the highest performing k, which often
yields excellent predictive performance [32]. For the present
dataset, the highest classifier performance has been achieved
for k = 5. In addition, KNN has been compared with other
conventional learning algorithms, including a decision tree,
a support vector machine, and a naive Bayes classifier. For
the present dataset, KNN has achieved the highest ACC and
is therefore considered for the following investigations.

In this article, we use a total of 272 features comprising
34 features per TD. Table IV summarizes the features used
for each TD. Besides common statistical attributes for the
whole segment of 100 sample points related to the capacitance
vector C and its time derivative C�, we also implement features
covering a fixed number of sample points related to the
standard deviation s of vector C. Here, the index represents
the interval size considered.

B. Effect on Classifier Performance
In order to study the effect of electrical conductivity on

classifier performance, the underlying dataset D is partitioned
into different training datasets Dt and validation datasets Dv

for partial investigations. Fig. 4 shows this partitioning for
each partial examination (a)–(e).

The first partial investigation (a) is performed for the
electrical conductivity σ7 representing tap water. Here, the
associated samples are only considered in the training dataset,
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TABLE IV
OVERVIEW OF THE FEATURES USED FOR EACH TD

Fig. 4. Partitioning of the dataset D into training datasets Dt as well as
validation datasets Dv considering the partial investigation with regard
to electrical conductivity.

while the validation of the classifier is performed based on the
samples of the other conductivities. Table V shows the mean
ACCs obtained from ten runs of the individual conductivities
for each partial investigation. The results for subconsideration
(a) show that classification of wetness levels with conductivi-
ties differing from the training dataset results in a significant
performance decrease. While the ACC for a classifier imple-
mented for comparison that considers merely σ7 in both the
training and validation datasets is above 0.99, here it averages
about 0.49 over the considered conductivities. In particular, for
low conductivities significantly deviating from σ7, low ACCs
of below 0.31 are obtained. The addition of two further subsets
to the training dataset (b), which include the lowest as well
as the highest conductivity, yields only local improvements
and a mean ACC increase of about 0.04. As subconsideration
(c) shows that a significant increase in classifier performance
can be achieved if the conductivities considered in the training
dataset are closer to and enclose those of the validation dataset.
In contrast to (b), the distances between the conductivities in
the training dataset are small enough to allow interpolation of
the unseen conductivities.

Similar results are yielded for subconsideration (d), where
the training dataset comprises all conductivities, excluding
the currently considered conductivity σi . While high ACCs
are already achievable in some cases, the subset around
conductivity σ1, in particular, shows drawbacks. For the
validation dataset of this conductivity, which results in the

TABLE V
MEAN ACCS OBTAINED FROM TEN RUNS FOR VARYING PARTITIONS

OF THE DATASET D ACCORDING TO FIG. 4

Fig. 5. Two-stage classification approach for considering the spray
water’s electrical conductivity.

lowest absolute capacitances compared to the other conduc-
tivities, an ACC of 0.76 is achieved while the others are
above 0.87. Considering samples of all conductivities in the
training dataset and performing tenfold cross-validation as
in subconsideration (e), the mean ACC can be increased to
approximately 0.98. Thus, the prerequisite for a high classifier
performance is an exhaustive training dataset from a wide
range of conductivities.

C. Optimization
As shown in the previous section, a classification of wetness

levels with varying electrical conductivity is feasible. For this
purpose, the conductivity-related differences of the individual
capacitance curves are considered by associated samples with-
out information about the actual conductivity. With respect
to a potential classifier optimization, the research question
is whether the knowledge about the current conductivity can
result in an improvement of classifier performance. To this
end, corresponding investigations are presented in this section.
In this context, the question is also addressed whether the
typically unknown electrical conductivity of the impinging
spray can be classified using the known features generated
from the capacitance curves.

To consider the spray water’s electrical conductivity within
the classification, a two-stage approach is proposed accord-
ing to Fig. 5. Classifier K1 assigns a class yiσ ∈ Cσ =
{cσ1, cσ2 , . . . , cσς } to a feature vector xi , where ς represents
the number of different conductivities. The predicted con-
ductivity subsequently functions as an additional feature in
the modified feature vector x̃i , which is assigned to one of
K wetness classes by classifier K2. The two classifiers are
implemented analogously to the previous section using a KNN
classifier (k = 5) with SFS and tenfold cross-validation.
To increase statistical confidence, 100 SFSs are performed for
each of the classifiers considered. Table VI summarizes the
results in the arithmetic mean as well as for the respective
SFS showing the highest classifier performance denoted as
best.
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TABLE VI
CLASSIFIER COMPARISON FOR CONSIDERATION OF

ELECTRICAL CONDUCTIVITY

Fig. 6. Selection frequency of each feature during the 100 runs
of the SFSs for (a) K1 and (b) K2,pred, in dependence on the TD
position Pxz (see Fig. 1).

Classifier K1 is developed by assigning zero conductivity
to the class dry in the corresponding feature vectors in
the training dataset since no spray water is expected and
therefore no conductivity can be determined. Thus, a feature
significantly correlated with the class dry is already generated
in classifier K1. As the results from Table VI show, the
conductivities can be classified from the spray with an ACC
of over 0.97 at 19 features selected. In particular, the high
classifier performance can be attributed to common statistical
features as well as the interaction of different TDs. Fig. 6(a)
shows the feature frequency in the 100 runs of SFSs for
all 272 features comprising 34 features per TD. We use a
continuous feature index for the illustration. The ten most
frequently selected features comprise exclusively common
classical features with regard to C, which are represented by
TD-related low indices (see Table IV), since, in particular,
the absolute capacitance contains essential information for
conductivity classification. As the amount of impinging spray
water, with which the absolute capacitance is correlated,
is unknown, the different TD positions are also relevant and
therefore all considered within the SFSs. A classification
of the spray water’s electrical conductivity is thus feasible
and enables potential in further application areas beyond the
realization of the two-stage approach for the quantification of
wetness levels.

In order to evaluate the performance gain by knowledge
of the current electrical conductivity, the classifier K2,opt is
developed assuming an optimally classifying K1 and compared
with the single-stage classifier K0. As shown in Table VI,
the ACC can be increased by over 0.01–0.996. Also, the
classifier K2,pred, using the conductivities assigned by K1 as a
feature, can significantly increase classifier performance com-
pared to K0. Accordingly, knowledge of the spray’s present
conductivity enables an optimized prediction of the wetness
level. Fig. 6(b) indicates the feature’s significance, too. The
conductivity (represented by the last bar) is selected in each

of the 100 SFSs for K2,pred. In addition, features related to
the capacitance change as well as the standard deviation are
selected more frequently, whereas the selection of classical
features, as for classifier K1, is rare. All in all, the two-stage
classifier is shown to significantly increase the performance.

IV. CONCLUSION

In this article, we studied the effect of the spray water’s
electrical conductivity on road surface wetness classification.
To this end, we generated reproducible spray water scenar-
ios representing a specific wheel speed and a road surface
wetness class. For data acquisition by a capacitive sensor
system, the scenarios were simulated with ten different water
conductivities. Measurement results for an exemplary spray
water scenario have demonstrated the effect of varying con-
ductivity on the capacitance curves motivating the subsequent
investigations with respect to classifier performance.

Conductivity-specific partitioning of dataset D provided
various partial investigations that demonstrated the extent of
the conductivity’s effect on classifier performance. We have
shown that excluding the different conductivities from the
training dataset Dt results in a weak mean performance of
0.49 for the validation dataset Dv containing various conduc-
tivities. In particular, conductivity data that differ significantly
from those considered in the training dataset contribute to
low performance. A significant mean performance increase to
0.94 can be achieved if the conductivities considered in Dt

enclose those of Dv , allowing an interpolation of the unknown
conductivities. In addition, consideration of all occurring
conductivities in the training dataset can increase the mean
performance to 0.98. Thus, an extensive database containing
a wide range of conductivity variations is essential for a
reliable road surface wetness classification based on capacitive
measurement data.

Furthermore, we have shown that knowledge of the spray’s
present conductivity results in a significant performance
increase to above 0.99. For optimization, we introduced a
two-stage classification approach that initially determines the
conductivity and subsequently considers it as an additional
feature in the classification of the present wetness level.
In this context, we have also demonstrated that a classification
of the spray water’s electrical conductivity using capacitive
measurement data is feasible.

Future work will include investigations on test tracks and
public roads to validate the transferability of the results
presented in this article.
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