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ABSTRACT 
Foot interfaces, such as pressure-sensitive insoles, still yield 
unused potential such as for implicit interaction. In this paper, 
we introduce CapSoles, enabling smart insoles to implicitly 
identify who is walking on what kind of floor. Our insole 
prototype relies on capacitive sensing and is able to sense 
plantar pressure distribution underneath the foot, plus a 
capacitive ground coupling effect. By using machine learning 
algorithms, we evaluated the identification of 13 users, while 
walking, with a confidence of ~95% after a recognition delay of 
~1s. Once the user’s gait is known, again we can discover
irregularities in gait plus a varying ground coupling. While both 
effects in combination are usually unique for several ground 
surfaces, we demonstrate to distinguish six kinds of floors, 
which are sand, lawn, paving stone, carpet, linoleum, and tartan
with an average accuracy of ~82%. Moreover, we demonstrate 
the unique effects of wet and electrostatically charged surfaces. 

CCS CONCEPTS 
• Human-centered computing → Ubiquitous and mobile 
computing; Ubiquitous and mobile computing systems and tools; 
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1 INTRODUCTION 
Foot interaction via insoles has been investigated for more than 
three decades [29,45,46]. Within this period, previous research 
focused on (1) analyzing gait to study disabilities [1,3,6,35,40] or 
measure performances [21,51,56,65], (2) providing explicit foot 
gestures as an alternative control for computers 
[5,10,13,20,33,42,49,53,58,74], and (3) provide feedback 
underneath the foot to enable alternative interactions that are 
especially hands-free and eyes-free [41,44,59,69]. In addition, we 

can harvest energy based on the exerted pressure [64]. The 
Appendix contains an exhaustive comparison table of the most 
impactful related work on input with wearable foot interfaces 
(comparing input type, recognized activities, used technology 
and purpose). In summary, new generation pressure-measuring 
smart insoles yield great potential, as we can constantly collect 
user-specific data over a day. This enables to generate a large 
variety of information (but not limited to) workout activity, a 
high precision detection of walking speeds [25], the recognition 
of dangerous foot poses, unhealthy back postures, and many 
other features interesting for orthopedic uses. Apparently, an 
insole design yields great potential for healthcare applications 
[15], but can also be used beyond that. In this paper we 
introduce a technology approach with non-medical applications. 
CapSoles complements previous research for implicit foot input, 
as it is capable of identifying users and detecting several floors 
by a smart insole based on capacitive sensing. In addition, we 
demonstrate the effect of wet and electrostatically charged 
ground surfaces, which can provide crucial information for 
safety applications. We conclude with an outlook on body 
posture detection that can complement future activity 
recognition. While revealing the technical feasibility of these 
new features, we envision to chart new directions for future 
implicit interaction in wearable computing. 

2 CAPSOLES 
With CapSoles we contribute the technical implementation of 
our prototype as well as studies that introduce how to extract 
several new features from a capacitive pressure-sensitive insole 
using a machine learning approach. In this research, we 
developed an insole that is based on capacitive sensing (CS), 
because it provides a richer source of data. To explain this, we 
use the example of ground surface detection, which essentially 
differs with others known from literature. While utilizing CS, we 
exploit two effects, providing different information: 

(1: Gait) Attaching a Loading Mode electrode enables for 
measuring pressure. When distributing multiple sensors 
underneath the foot, we are able to sense gait. Different physical 
structures of floors are then influencing gait. 

 (2: Ground Coupling) In addition, the same electrode senses a 
unique surface-dependent ground coupling effect that basically 
represents the ground surface’s insulation.  

Our system senses both information in combination and 
employs a data mining approach, which allows us to successfully 
distinguish six types of floors, plus the detection of electrified 
and wet surfaces. This was not feasible before with common 
pressure sensitive insoles or accelerometer-based foot interfaces. 
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2.1 Motivation 
Why an insole? We believe using insoles is less obtrusive than 
mounting bulky technology, such as cameras, to the body. While 
any ordinary shoe can be equipped with smart insoles easily, we 
also envision CapSoles to be embedded into a future shoe. 
Because gait analysis and other health applications are broadly 
researched (see Appendix), we focus on several other applications 
CapSoles can enable for: 

2.1.1 User Identification. Based on the plantar pressure 
distribution exerted onto the insole, CapSoles senses the user’s 
individual walking style – denoted as gait. Although user 
identification via insoles has been patented [28], no suggestions, 
such as using a gait analysis via a plantar pressure sensing, have 
been drawn up. Previous wearable approaches that utilize gait 
analysis for identification of the user fall back on multiple body-
distributed accelerometers [7,43], which is inconvenient for the 
user. In contrast, we envision just a single insole to record the 
user’s gait in order to use it as a biometric identifier that 
generates a security token. This token could be used to improve 
security of a body sensor network or to implicitly authenticate a 
user with future services (e.g. to access personalized resources). 
Thus, authorizing wouldn't consume the time of an explicit 
action (e.g. get out a key card, put a finger on a scanner). A 
token renewal (walking some seconds) would only be needed 
after shoes are put off and on again. Like keycards, shoes are 
also not shared, but offer a security advantage: if stolen, gait 
can't be imitated. 

2.1.2 Ground Surface Detection. Once securely connected, 
the gait analysis can also provide unique information on the 
floors’ characteristics based on varying surface structures and 
because floors demonstrate different electrical insulations. 
Although a ground surface detection via a shoe sole-based 
approach has already been patented quite recently for dissimilar 
[48] and slippery [8] surfaces (by analyzing impact curves of a 
foot-placed accelerometer), using capacitive sensing enables for a 
much wider range of distinguishing similar ground surfaces 
while being independent from acceleration data. With CapSoles 
many scenarios are conceivable in future, such as to assess and 
predict risky situations, like walking on floors with higher fall 
risks (interesting for elderly people, diabetics…), or to better 
calibrate an energy expenditure monitoring system (walking on 
sand yields increased physical effort), etc. However, the most 
beneficial concept, we believe, would be a floor adapting sports 
shoe to improve walking experience or to even increase 
athletics’ performance. While previous patents by Adidas [17] 
demonstrate the feasibility of adjusting the shoe sole’s stiffness, 
we envision CapSoles to provide the necessary floor type 
information. 

2.1.3  Electrified & Wet Ground Surface Detection. 
Furthermore, CapSoles would enable to monitor the user’s 
walking behavior and to assess possible risks while walking on 
dangerous floors, such as on wet and electrified surfaces, which 
is impossible to detect with accelerometers. We believe future 
safety footwear to clearly benefit from these new capabilities. 
Especially when maintaining industrial facilities, safety footwear 

is often required by law and could provide alerts when entering 
a metal stand that is inadvertently set under voltage. In another 
scenario, such as when walking on wet floors, an intelligent shoe 
would automatically change its sole to provide better grip, which 
could especially assist visually impaired and elderly people. 

2.1.4  Outlook: Body Posture Detection. Dangerous grounds, 
such as wet floors, stairs, meadow, or sand may imply a higher 
risk of falling. In addition to the ground surface, one could 
consider the user’s current body posture in order to calculate a 
certain risk level of falling. Moreover, registering the user’s 
current body posture could contribute for a patient monitoring, 
and essentially help to improve activity tracking. Summing up 
the duration of all postures executed over the day could infer on 
the user’s daily activity level. In future, such information could 
be used to determine an individual dosage on medication, which 
would be much more precise. 

3 RELATED WORK 
We base our work on research in foot interaction, more 
specifically in smart insole development and scenario-wise on 
user identification and ground surface detection. 

3.1  Foot Interaction 
Foot interaction techniques have been initially investigated in 
1988 by Pearson and Weiser [53]. While pressure-based gestures 
are already sufficient for simple input [49], we can also make use 
of toe-based, heel-rotation-based [62], and foot-tapping gestures 
[14]. How these foot gestures can be mapped to real-world 
applications, has been investigated by Alexander et al. [2]. Other 
works focus on the idea of combining foot and hand input 
[33,39,61]. A popular interface to detect foot gestures are 
pressure floors that can rely on various technologies, such as 
optical sensing (e.g. via FTIR), as demonstrated in GravitySpace 
[9] and Multitoe [4], or on piezoelectric sensing as presented in 
MagicCarpet [50], or through a resistive sensing (e.g. via FSRs) 
such as demonstrated in Z-Tiles [57]. However, pressure floors 
are not mobile and obviously require the user to stay in a 
specific area, which limit the user’s degrees of freedom severely. 

3.2 Smart Insole Research 
Over the past three decades, many types of plantar pressure 
measuring insoles that rely on different technologies [68] (e.g. 
capacitive sensing [12,32,41,46,73], resistive sensing 
[1,3,5,6,13,15,20,66], piezoelectric [22,29,40,51], strain gauge 
[35,45], conductive polymer [6,72,76], air pressure [36], EFS [6], 
EMFI [24], flexible switches [10], etc.) have been introduced. 
Historically grown, the main research objective was originally in 
gait analysis for the purpose of rehabilitation treatment 
[1,3,35,40,75]. With the rise of virtual environments, researchers 
proposed to utilize foot gestures, such as walking in place, for 
locomotion in 3D scenes [5,13,42] in order to increase 
immersion. In the recent past, insoles or similar interfaces have 
been exploited for explicit foot gestures to also subtly control 
external devices such as a smart phone [20,41]. From the 
overview table presented in the Appendix it becomes clear that 
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the focus lies on implicit gait sensing for medical purposes. To 
complement previous work, we focus on user identification and 
ground surface detection with capacitive sensing, which is an 
open application direction for foot-based interfaces. 

3.3 User Identification 
Nowadays, identifying the users plays an important role in HCI, 
for example, to grant permission to a user in order to access 
computational resources, such as from a smartphone. However, 
a user authentication for mobile devices is often very banal and 
relies on a risky manual user input [27], such as PIN entry or a 
stroke pattern [71], which can be easily spied out (e.g. through 
shoulder surfing [16]) and thus be taken advantage of by thirds. 
A considerably safer method would be to use biometric data, 
such as an iris scan [60], fingerprint scan [55], hand print scan 
[23] or ear scan [30]. The path of biometric authentication that 
previous research has opened seems worthwhile. Nevertheless, 
we consider an implicit way of measuring biometric data 
through the user’s personal gait to be more convenient. This has 
already been demonstrated in an optical way [38,70] or with 
accelerometers [7,43]. These approaches can be improved even 
further, since they do not consider the users’ individual weight, 
foot shape, etc. Our approach yields greater potential, since it 
also works in mobile and accelerated environments.  

3.4 Ground Surface Detection 
To be aware of the floor one is walking on can be advantageous 
in many ways, such as for safety reasons. Still, a detection with 
wearable technology has not been widely explored. It is 
conceivable to recognize different surfaces in an optical way, 
which, however, can be easily affected by unfavorable lighting 
conditions and occlusions. In 2014, Otis and Menelas [48] 
patented a method which realizes the distinction between broken 
stone, stone dust, sand, concrete snow and ice while comparing 
the FFT spectrum from an insole-placed accelerometer. However, 
floors with a similar surface structure are not distinguishable, 
while the system fails in accelerated areas. Other patents, such as 
the ones by Jeong et al. [34] and Boeck et al. [8], claim to be 
capable of detecting electrically charged ground surfaces. In 
addition to that, Boeck et al. [8] claim to be able to determine 
slippery surfaces based on a foot-placed accelerometer. In 2013, 
Cheng et al. [12] conducted a pilot study in which four wearable 
capacitive sensing electrodes were applied around the ankle and 
under the sock. They briefly describe the differences between 
walking on a concrete road and on meadow. We continue here 
by evaluating several more floors and providing quantitative 
results in form of recognition rates. 

4 IMPLEMENTATION 
In contrast to commercially available smart insole-like products 
[18,19,31,40,47,52,54,63], we propose using Capacitive Sensing 
(CS) because it provides a richer source of data, including a 
pressure measurement plus a unique capacitive ground coupling 
effect, which is an extra information helping to detect the 
surface one is walking on. 

While we aimed to design a general layout compatible across 
users with foot sizes between 40-47, we took footprints from 16 
student volunteers (sizes: 39-47) that enabled us to extract 
general plantar pressure distribution areas. In accordance with 
literature [22,40,65], we could determine four areas (Toes, 
Metatarsal, Midfoot, and Heel), which provided the basis for the 
layout (see Figure 1). Additionally, we divided the Metatarsal into 
three sensing areas in order to gain more detailed data on the 
user’s individual gait and to enable the detection of dedicated 
foot gestures, (e.g., angling the foot [42]). 

 
Figure 1: Study results: a) superimposed plantar pressure 
pictures of 16 footprints, b) extracted significant areas 
with a nearest neighbor-like approach, c) in comparison to 
pressure points from literature by Shu et al. [65], d) final 
sensor layout. 
We cut electrodes out of copper tape and attached them to a 
laser-cut polyacrylate sheet in the shape of an EU size 42/43 
insole, which is covered by a buffer layer (white plastic foam). 
This layer functions as a compressible dielectric between the 
sensing electrode and the foot. To prevent sweat from touching 
the electrodes, a black flexible plastic sheath is covering the 
prototype. In order to keep the prototype in place after being 
inserted, we glued a silicone insole to its bottom (see Figure 2). 

 

 
Figure 2: The series of pictures show the assembly process 
of our prototype, which can be wired to any computer, as 
it also works wirelessly with an Android App.  
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Figure 3: Left: basic schematics of the CapSense setup. 
Right: shows the inside of the black box. Besides the (a) 
Capacitors, (b) Resistors and the (c) Arduino Nano, we can 
see a (d) Battery, a (e) Bluetooth shield and additional 
hardware (not labeled here) that enables the insole for 
several other features, such as the control of a peltier 
element and several vibration motors for feedback 
sensation under the foot. 

In order to ensure high replicability for further research, we 
decided to implement the simplest CS on an Arduino Nano, 
using the CapSense library from Paul Badger1. Each electrode is 
connected to a 10MOhm resistor and a 22pF capacitor (see Figure 
3). Due to the loading latency from our capacitive sensors, we 
are only capable of achieving a low sampling rate of 30Hz, but 
which is still sufficient for any normal walking activities. 

4.1 Capacitive Sensing (CS) 
CS is a technology-approach used to measure the charging times 
of an established capacitor (e.g. between an electrode and the 
human). This sensing approach has several benefits: it is 
inexpensive, the electrodes can consist of various types of 
conductive material (e.g. a metal bar, conductive thread etc.), and 
it yields a high flexibility in shape and stiffness, which allows for 
a high degree of customization. CS can be operated in three 
modes (Transmit Mode, Shunt Mode and Loading Mode) based on 
the electrode arrangement [67]. 
In order to measure physical pressure with this technology, we 
require the electrodes to operate in Loading Mode [67] and a 
compressible buffer layer on top to cover the electrodes. For our 
prototype, we attached six electrodes to a laser-cut Plexiglas 
blank, which is covered by a 3mm plastic foam buffer pad –
keeping a certain distance from the electrode to the foot. While 
exerting different levels of pressure, this buffer layer is being 
compressed consequently. Now, when charging/discharging the 
electrode in a certain frequency, we build up a small electrical 
field and calculate a capacitance based on the loading time of the 
electrode. With the aid of this formula of a plate capacitor, we 
can explain all variables that have an influence on the measured 
capacitance. 

The capacitance (C) between the electrode and nearing objects, 
such as the feet (Cf) and the ground (Cg) is determined by the 
relative static permittivity of the dielectric (εr), by the electrical 

                                                                   
1 http://playground.arduino.cc/Main/CapacitiveSensor 

field constant (ε0), by the size of the surfaces (A), and by the 
distance (d) between the electrode and the grounded object. 

 
Figure 4: Having a capacitive insole insert into a shoe, two 
capacitances can be found: Cf , which is mainly 
determining the measured signal based on the exerted 
pressure and Cg , which carries information on ground 
coupling. 

While performing a walking activity, the distance (d) is 
changing, which influences the calculated capacitances. Hereby, 
a small distance (d) between the foot and the electrodes results in 
a quite huge capacitance (Cf), which describes a huge force or a 
heavy weight. While stepping on different floors, we can 
perceive a unique offset in signal, which is the ground coupling 
capacitance (Cg) that is varying based on the conductivity of the 
ground surface (see Figure 4). 

4.2  Feature & Classifier Selection 
We calculated 49 features based on the unfiltered raw data of 
each of the 6 sensor electrodes (providing 14bit), which resulted 
in a total of 294 features. While the classifiers would 
automatically select the most meaningful attributes, we still ran 
a Greedy Stepwise (forwards) [11] algorithm that determined 27 
features to be the most meaningful:  
maxAmpFrequency (sensor 1,2,6), spectralFlux (s.2,6), 
spectralEnergy (s.6), logLikelihood (s.1), 
averageAbsoluteDifference (s.3,4,6), meanCrossings 
(s.2,4), geometricMean (s.1), firstQuartile (s.1), 
interquartileRange (s.4), minMaxDifference (s.1), 
maxElement (s.1), skewness (s.4,6), kurtosis (s.3), 
difference (s.1&4, 1&5, 2&6, 3&4, 4&5, 4&6, 5&6). 

In order to find a suitable classifier, we analyzed the generated 
feature files with the Weka data mining tool v3.7.12 [26] and 
applied a stratified 10-fold cross validation to determine the 
theoretical classifier performance. We compared five state-of-
the-art classifiers (Bayes Net - BN, Naive Bayes - NB, Random 
Forest - RF, Nearest Neighbour – IBK and Sequential Minimal 
Optimization – SMO) with an ANOVA for correlated samples, 
which yielded significant differences (F4,48=5.03; p=0.002). A 
Tukey HSD suggests that both the BN (TP=96.7%; SD=0.48%) and 
the RF (TP=97.8%; SD=3.14%) performed significantly better than 
the IBK (TP=88.5%; SD=2.69%; p<.05) and the SMO (TP=93.4%; 
SD=13.04%; p<.05). The NB (TP=92.9%; SD=1.06%) was in midfield 
and did not significantly perform better. For further 
investigations, we have chosen the Random Forest based on the 
highest mean performance. 
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Figure 5: Plantar pressure distribution over one minute of normal walking (2.5km/h) on a treadmill. (Si = sum of sensor 
values; vj = sensor value; N = 60s*30Hz = samples)
 4.3 Classification
In contrast to the classifier selection, we made use of a leave-k-
out method for both following studies. This method usually 
provides lower accuracy rates than a percentage split or a 
stratified cross-validation, but more realistic insights of possible 
real world performance. Therefore, we divided the recorded data 
(e.g., 60s à 56 non-overlapping instances / samples at a window 
size of 16) into two sets, A: the training set (e.g., 0-30s à 28 
instances), which learns the classifier, and B: the test set (e.g., 31-
60s à 28 instances), which remains unknown to the classifier. 
Once the classifier learned the specific features (e.g., the gait 
from user 1) just based on the training set A, we ask the classifier 
to match the learned instances with those from the test set B. 
Based on the most similarities of instances, a flawless system 
would correctly identify the corresponding instances in test set B 
(e.g., user 1’s gait would be identified in the test set B containing 
all users). Moreover, we switch both sets and repeat the 
procedure. The average accuracy of both is then being reported 
as one average accuracy value. 

4.4  Discussion 
Our signal gathering process is a straightforward data mining 
approach. We have 6 planar distributed electrodes providing 
unfiltered raw data, which we use for calculating 294 (49x6) 
features. The data implicitly incorporates the user’s step length, 
body weight, foot shape and size, and roll-over movement. While 
we did not compute each of those parameters separately as 
additional features, we, however, suggest doing so for future 
implementations, because it may slightly boost recognition rates 
further. To avoid redundant data, we have chosen to use a non-
overlapping window approach instead of a floating window 
approach, although this way we must deal with fewer and 
smaller instances. Due to the nature of our hardware setup, the 
sensed capacitance of each electrode reflects a mixture of the 
exerted pressure by the foot plus a ground coupling effect. With 
a single-layer-electrode setup, decomposing the signal is barely 
possible. Nonetheless, measuring both, ground-coupling and 
pressure sensing, separately would require three layers of 
electrodes; while the bottom electrode would be used to extract 
ground-coupling, the middle one would be a shielding electrode, 
and the top electrode would measure plantar pressure exerted by 
the foot. Although the top electrode layer could be replaced, for 
example, with a resistive sensor, we do not expect this to be 
simpler nor cost-effective, since CS already counts to the most 
flexible and low-cost sensing technologies. On the one hand, CS 
yields a high versatility in use, while it can measure distances, 

densities or even pressure. At the same time, it is very sensitive 
towards any electrical changes. On the other hand, this can also 
be disadvantageous, since the system can be interfered when 
entering electrostatic environments. Another peculiarity one 
must be aware of is the influence of the system’s ground 
capacitance. In our tests, we usually connected the prototype to 
the ground of a battery (8735mAh) from a MacBook Pro in order 
to avoid irregularities of a changing VCC. It is to note that 
operating CS with a Power Supply Unit (PSU) enables for a 
significant higher sensor range and a higher Signal-to-Noise 
Ratio (SNR) than operating it by battery. Therefore, recognition 
rates may further increase when using a PSU. In terms of health 
safety; CS works with a harmless low voltage. In our setup we 
even do not expose the user to any voltage, since no body part 
ever touches a blank electrode. 

5 USER IDENTIFICATION 
In future, we will own numerous types of wearables, implants or 
body-carried devices that permanently sense various kinds of 
personal data and communicate with one another in a body 
sensor network. Thus implicit authentication based on biometric 
data is expected to become much more relevant, we believe 

5.1  Background 
Different users demonstrate different physiological and 
anatomical properties, which on the one hand creates a 
challenge for HCI designers when designing generalizable 
interfaces, but which on the other hand provides many 
indicators for identifying the user. Since the leg length, body 
weight, roll-over movement, foot shape and size as well as the 
plantar pressure distribution are all individual, we can already 
see a lot of user-specific differences. When it comes to walking 
activities, we can perceive an individual leg/foot movement, and 
that different users inconsistently perform shorter or longer 
steps for the same walking speed. Considering these factors, we 
can account for an individual gait, which we are able to 
recognize indirectly based on the change of the plantar pressure 
distribution measured in certain time intervals (see Figure 5). 

We consider the following research questions: 
Q1: How accurate is the system in distinguishing different 

users? 
Q2: How much time does the system require in order to 

recognize an individual user?
Q3:  Is there a difference in recognition rate for other walking 

activities such as jogging? 
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5.2  Study Design 
To find answers, we conducted a lab study with 13 participants 
(including 1 female). The test subjects were from ages 22 - 49 
years old and weighed between 58 - 93kg. Their height (1.72 - 
1.92m) and shoe size (41 - 46) were in the average range for 
Central Europeans. In order to establish comparability, all 
participants had to wear the same shoes (EU size 44) in which we 
inserted one of our insole prototypes (left side). We avoided 
using the user’s own shoe to prevent possible irregularities based 
on the structure of the sole. Because of the varying foot sizes, we 
physically modified our pair of shoes by cutting it open at the 
front and side to increase wearing comfort. None of our test 
subjects reported walking disabilities. All users were instructed 
to perform two walking styles: normal walking (2.5km/h) and 
slow jogging (5km/h) on a treadmill so we could control the 
walking speed (see Figure 6). We asked all users to perform each 
activity for at least one minute. 

 
Figure 6: We ensured comparability with a homogeneous 
setup across all users (constant speed, same modified shoe, 
same ground - a laptop with 8735mAh). The type of the 
treadmill was a Buffalo MTR 818. In addition, we applied a 
capacitive leg band in order to try identifying the user 
solely based on stride frequency, but which was not very 
satisfying. 

5.3  Results 

 
Figure 7: Smaller window sizes reduce recognition time but 
decrease the system’s confidence for a correct 
identification. 
Q1: In order to see how the system performs with unknown 
data, we applied a leave-kInstances-out validation, as we split the 
recordings of all users equally into training and test sets as 
described before. As seen in Figure 7, the ability to correctly 
identify users grows with an increasing window size (window 
size: 4; confidence: 75.76% à window size: 256; confidence: 

100%), but causes a longer recognition time (window size: 4; 
recognition time: 0.13s à window size: 256; recognition time: 
8.53s). Q2: The time required for identification is mainly 
constrained by the window size. A quite accurate identification 
of the user with 94.78% is already being achieved after 
performing a normal walking activity over 1.07s. Q3: We can 
perceive that the accuracy drops by ~10% for jogging as 
compared to walking. The reason for this is twofold: (1) None of 
our test subjects were familiar with jogging on a treadmill. 
Therefore, they experienced the walking and running activities 
as an unnatural movement. This caused a higher variance of 
execution among many users, which produces a randomness 
and, in conclusion, inaccuracies. (2) The prototype’s sample rate 
is not optimal for high step frequencies, such as when jogging. 
Using a more advanced capacitive sensor such as the FDC2214 
from Texas Instruments would overcome this issue. 

5.4  Discussion 
To create more constant variables, we used the same shoe and 
preset a speed level in order to compare gaits. However, in 
reality, users yield their individual walking speed, while they 
would wear their own shoe, but which would both further 
improve identification. In contrast to literature, we base our 
identification on a plantar pressure distribution with an insole. 
Additionally, we provide insights in theoretical recognition 
delays, which is usually also not reported in literature. 
Understandably, one might say that >8s for authentication of a 
user, based on a pool of 13 users, would be too long – especially 
when wanting to access a mobile phone. However, in reality the 
pool would be reduced down to two users (owner and thief), thus 
recognition delay would substantially decrease. Furthermore, 
authentication in reality would be possible without any delay 
while using a generated security token. As mentioned, a 
recognition delay would only appear right after changing the 
pair of shoes. Potential impacts of real-world influences, such as 
temporary gait influences caused by a broken knee, or 
temporary weight incensements when carrying an object, etc. 
have not been investigated, but are expected to be problematic. 

6 GROUND SURFACE DETECTION 
Having a look at recent products, foot interfaces can already 
assist us today, such as to assess gait issues. However, using a 
capacitive insole enables us to extract even more information, 
such as the current floor. We believe this feature to further 
improve foot interfaces as an assistive technology with new 
applications as motivated earlier. 

6.1 Background 
The structure of ground surfaces has a considerable impact on 
our gait. Floors can demonstrate high variances in structure (e.g. 
lawn), surfaces can be slippery and smooth (e.g. ice), or very soft 
and relent (e.g. sand). While measuring plantar pressure 
distribution, we can perceive noticeable deviations in gait when 
walking on different types of floors. Since we utilize capacitive 
sensing, we additionally perceive a unique change in ground 

75.76% 
80.41% 

86.13% 

94.78% 96.43% 96.70% 100.00% 

73.52% 
77.54% 

80.56% 
84.07% 85.16% 85.16% 

90.06% 
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coupling for different ground surfaces. Most differences can be 
found between insulated floors (e.g. dense carpet) and wet or 
energized surfaces. In this study, we conducted tests to 
distinguish between walking on sand, lawn, paving stone, tartan, 
linoleum, and a dense carpet. 

 
Figure 8: Plantar pressure distribution over 15s for normal 
walking (2.5km/h) of a single user. (Si = sum of sensor 
values; vj = sensor value; N = 15s*30Hz = samples) 

Figure 8 indicates the change in gait when walking on soft and 
relenting surfaces. One may assume that only computing 
features for the Metatarsal (sensor 2,3,4) is already sufficient for 
a ground surface detection. However, we consider all sensors, 
which allows us to see the roll-over movement and the slightly 
varying offset received from the capacitive ground coupling. 

We consider the following research questions: 
Q4: How accurate is the system in distinguishing ground 

surfaces while responding to unknown data? 
Q5:  Which types of ground surfaces are more often confused? 
Q6: How much time does the system require in order to 

recognize a different ground surface? 

6.2 Study Design 

 
Figure 9: All users were instructed to walk 30s straight 
across six different types of floors, which were: a) Sand, b) 
Lawn, c) Pavement, d) Tartan, e) Linoleum, and f) Carpet.  
We recruited 11 participants to take part in our second 
experiment. The test subjects were between 23 – 37 years old 
(including 1 female). Their shoe size was 40 – 45 (European size), 
weight 60 – 98kg and their height 1.72 – 1.87m, which is in the 
average range for a Central European. As previously, all users 
were wearing the same prepared shoe to avoid the feet sliding in 
the shoe. All users were instructed to walk on six different 
ground surfaces (see Figure 9) for at least half a minute while 
following the study leader who was walking in front of the 
subject with a speed of 2.5km/h. Since we learned from the 
previous study that our prototype does not provide a good 
sample rate for fast walking activities, we did not ask the 
subjects to perform jogging. 

6.3 Results 
To prove the feasibility of our idea, we again divided all 
recordings into two equal sets (training / test) and applied a 
leave-kInstances-out method in order to see how the system 
performs with unknown data (Results: see Table 1). 

Table 1: Since users yield an individual gait, we generated 
confusion matrices for each user and accumulated them 
into one matrix for the window size of 128. 

classified as >  
 

a 
 

b 
 

c 
 

d 
 

e 
 

f Recall 
Sand = a 72.4% 15.2% 2.9% 0% 2.9% 6.7% 72.38% 

Lawn = b 9.3% 86.9% 1.9% 1.9% 0% 0% 86.92% 
Pavement = c 5.1% 1% 84.7% 4.1% 3.1% 2% 84.69% 

Tartan = d 1% 1% 10.6% 78.8% 6.7% 1.9% 78.85% 
Linoleum = e 0% 0% 5.9% 7.8% 83.3% 2.9% 83.33% 

 Carpet = f 3.2% 3.2% 1.1% 2.1% 1.1% 89.4% 89.36% 

            Ø   82.46% 

Q4: Distinguishing carpet from other grounds seems to work 
quite accurately (89.36%). In general, the sharpness of separation 
between hard and soft floors can be considered as easily 
distinguishable. Q5: Much confusion occurred between the soils 
of sand and lawn due to the soft surface that caused many 
random irregularities at the foot roll-over movement, since the 
feet erratically slipped into the ground. We can also find some 
confusion between tartan, linoleum and paving stone, because 
the influence in gait is not substantial and the underlying stone 
provides a similar ground coupling effect. Still, we can 
distinguish them with an average accuracy level of 82.46% at a 
window size of 128. Q6: Similar to our first study, the window 
size affects accuracy and recognition latency accordingly. Thus 
the chosen setup causes a delay of 4.27s. 

6.4 The ”Blind Test” 
Both parameters, the user’s individual gait and the ground 
surface specific deviations, are closely intertwined, because the 
user’s gait is effected by ground specific characteristics. As we 
saw before, in our first study, knowing about the floor enables us 
to identify the user quite precisely. At the second study, the 
system learned the uniqueness of the users’ gait, and was then 
able to infer on the current ground surface. Now, a question is 
still left: Could a system make sense out of completely 
unsupervised data and still be capable to correctly identify both, 
an unknown user walking on an unknown ground surface, at the 
same time?  

We conducted a “blind test” in which we performed some 
more data mining in order to try to identify 11 unknown users 
walking on 6 unknown floors. Without revealing the ground 
truth to our classifier, we again trained the system with the first 
half of our data set and applied a leave-kInstances-out method on 
the independent test set. We kept a window size of 128 and used 
a Random Forest classifier. Surprisingly, the system was still 
capable of correctly identifying 75.82% instances. Table 2 
summarizes the overall accuracy rates for the given setup. 

Sand Lawn Pavement Tartan Linoleum Carpet

=

a b c

d e f
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Table 2: A summary of all recognition rates using this 
setup: window size: 128; Recognition latency: 4.27s; normal 
walking speed 2.5km/h; classifier: Random Forest. 

 User is known User is unknown 
Floor is known 100% 96.70% 

Floor is unknown 82.46% 75.82% 

In fact, accuracy becomes comparably low, 75.82%, when both 
types of information are unknown. However, we must 
acknowledge that these rates represent the accuracy after a very 
short period of walking (4.27s). As we can see in Figure 7 
confidence rises when walking longer periods. Also, we envision 
a future system to learn the user’s gait over time. Furthermore, 
we believe the implementation of an advanced user-independent 
ground surface detection in the future would benefit from 
excerpting and isolating (1) surface specific gait characteristics 
and (2) the effect of ground coupling. 

6.5 Wet Ground Surfaces 
A detection of wet grounds is especially enabled by using 
capacitive sensing and can enable new applications as sketched 
earlier. Because liquids, such as water, increase conductivity, wet 
ground surfaces provide a different ground coupling. We 
conducted a brief test with three users wearing their own shoe 
with the inserted prototype, while the insole was wired to a 
MacBook (powered by 8735mAh battery). We watered 5m of 
paving stone and instructed the users to walk across both 
ground surfaces for 30s.  

 

 
Figure 10: Showing three steps on dry paving stone (left) 
and watered paving stone (right). Wet surfaces 
demonstrate a significantly increased sensor range. 
The results are evident; wet ground yields higher conductivity 
and enables for a greater sensing range (see Figure 10). This is 
confirmed by a simple t-Test (p=.01) when comparing the overall 
mean-values of all six sensors between group A: dry paving 
stone (M=143.01) and group B: watered paving stone (M=240.86). 

6.6 Electrified Ground Surfaces 
Recognizing electrical charged environments may be life-saving. 
In this subsection, we introduce the behavior of CapSoles when 
being on electrostatically charged ground surfaces. To 
demonstrate the effect, we set a metal surface under low voltage. 
We took measurements from the insole while it was lying naked 
on the ground and while being inserted into the shoe to show 
the absorption caused by sole thickness (see Figure 11). For both 
conditions we took 8 measurements (0V, 1.8V, 3V, 4.5V, 6V, 7.5V, 
9V, 12V), which we repeated for three times. 

In contrast to wet surfaces, metal-based surfaces that are set 
under voltage result in a decrease in sensor range plus an 
increased offset in sensor data (see Figure 11). Comparing the idle 
Signal-to-Noise Ration (SNR) from the naked insole shows the 
following significant differences for the SNR idle between 0V 
(M=0.5) and 1.8V (M=2.57) confirmed by a pairwise t-Test 
(p=.045): The signal range already shows great differences 
between 0V (M=138) and 1.8V (M=78.3). For our small sample 
size, a statistical significance occurs starting from 7.5V (M=62.7) 
following a simple t-Test (p=.024). A significant difference in 
terms of received signal offset has been found between 0V 
(M=13.3) and 12V (M=148) by a pairwise t-Test (p<.0001).  

 

 
Figure 11: Shows the difference (SNR, Signal Range, Offset) 
when standing on an electrified ground surface. 
Minimizing the thickness of shoe’s sole increases the 
detectability of charged ground surfaces. 
Similar effects can be found when inserting the insole into the 
shoe. Although the signal range provides statistical differences 
(p=.01) between 0V (M=109.7) and 1.8V (M=47), we cannot prove 
any other statistical differences due to the marginal sample size 
(n=3). Greater sample sizes are expected to provide a statistical 
evidence of this effect.  Also to note: as long as the shoe touches 
the ground, we can sense a difference, but not anymore when 
lifted in a height of ~10cm while dealing with such small charge 
up to 12V. 
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7 OUTLOOK: BODY POSTURE DETECTION 
We believe that detecting postures can substantially complement 
current activity recognition, while it may also be especially 
interesting for future health services, such as when estimating 
the risk level of falling for elderly people. 

We tested our prototype towards recognizing body postures, 
including: standing, sitting, kneeling, lying, and carrying a weight 
of 50kg. We recorded a small data set containing each posture 
from three users. When applying a data mining algorithm while 
using a Random Forest classifier, we achieve 100% accuracy in 
separation sharpness.  

 
Figure 12: Heatmap snapshot of planar pressure 
distribution for 5 postures: standing, sitting, kneeling, 
lying, and carrying. 

However, based on the visualization (see Figure 12) we can see 
that the difference is already obvious for the human eye and 
expensive data mining may not be required for a simple posture 
detection. Therefore, we calculated a single feature that only 
relies on two electrodes (the middle front electrode S3 and the 
heel electrode S6).  

 

We used 30 samples of each posture and compared their Simple 
Posture Feature using a one-way ANOVA (F4,144=271.31). It turned 
out that this single feature is already capable in sufficiently 
distinguishing all 5 postures with a high significance (Tukey 
HSD, p<.0001). Thus, this feature could be easily implemented 
with two pressure-sensitive sensors of any kind. Because the 
user’s weight and foot shape is individual, we suggest user-
dependent training. Using more than two pressure points may 
already enable for a detection of unhealthy carrying and lifting. 

8 LIMITATIONS 
Due to limited resources, our data sets cannot contain data of 
several days from a two-digit amount of users. The length of the 
dataset we are dealing with consists of 30s or 60s per user. 
Therefore, and because unforeseen events will always occur in 
reality, the resulting accuracy rates from our studies are not 
generalizable for an everyday application. Yet, our comparably 
short recordings already provide insights into theoretical 
performance levels. Since a single step at normal walking speed 
is less than one second, we achieve ~30 repetitive steps, or 
“gestures” so to speak, on 6 floors for 11 users. This results in 

~1980 steps, which we consider as sufficient to prove the 
technical feasibility. 

Because lab studies are usually carried out in a controlled 
environment, they cannot reflect reality. For example: user 
identification on a treadmill while using the same shoe is much 
less unambiguous than identifying users wearing their own shoe 
and walking their individual speed. In contrast, the ground 
detection may be trickier because some ground surfaces may 
slightly vary over distance. To overcome this, a self-learning 
classifier would be helpful. The same goes for the problem of 
transforming gaits, because walking style can change over years 
or when wearing wrong footwear. Also in real-life, the user may 
once in a while rush to catch a train etc. Windowing the data, 
such as by a Dynamic-Time-Warping, is essential here.  

In contrast, in our controlled studies we did not consider any 
of these issues. We tried to keep as many external variables as 
constant as possible, although variations always occur since we 
deal with users. Finally, we do not claim our results to be 
absolutely transferable to real-life, instead we see our results to 
provide indications what CapSoles could be capable of in future. 

9 CONCLUSION 
In this paper, we presented CapSoles, which introduces a 
capacitive insole prototype. The presented hardware setup is a 
straightforward and inexpensive design, which can be easily 
replicated. We introduced a machine learning approach enabling 
for a user identification and recognition of six different floors, 
plus the detection of wet and electrified ground surfaces. These 
features have not been presented in literature or where not 
possible in this manner, while we exploit the richer source of 
data a capacitive sensing provides. We see this work as a new 
impetus for implicit interaction with foot interfaces and, 
therefore, briefly proposed possible applications and an outlook 
on a simple posture detection. 

10 FUTURE WORK 
In future, we envision an intelligent wearable system to sense 
and communicate with sensitive personal data, while foot 
interfaces will be an integral part. Although CapSoles already 
sketched beneficial applications, there is still a way to walk until 
we can take advantage of all features. For instance, in order to 
discover all hitches we need to move to broader field studies, 
while requiring a more stable hardware solution that minimizes 
wear and overcomes battery issues at the same time. The 
accumulation of sweat may also impact the signal. Very recently 
Leong et al. [37] proposed to use resistive pressure-measuring 
socks. It is conceivable to empower conductive fabric with a 
capacitive sensing as well, which will further improve their 
sensing capabilities, while enabling the features proposed in 
CapSoles. Since we used six electrodes only, it is worth to 
investigate whether precision significantly improves with a 
higher density of electrodes. 
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APPENDIX - Research Papers on Foot Input with Wearable Foot Interfaces 
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Miyazaki et al. 
[45] 

1978     X   X   X           2          X X       

Henning et al. 
[29] 

1982 X X X X 499 X

Miyazaki et al. 
[46] 

1986     X   X   X              2         X       

Kljajic et al. 
[35] 

1987   X     X   X           9            X       

Gross et al.  
[22] 

1988 X       X   X             8         X         

Zhu et al. [76] /  
Wertsch et al. 

[72] 
1991/92 X       X   X                7     X         

Whalen et al. 
[73] 

1993 X       X   X X X          1       
Other: Distinguishability of 
Walking Speeds with a single 
Sensor 

Abu-Faraj et al. 
[1] 

1997 X       X   X                  7     X       

Choi et al. 
[13] 

1997 X     X    X  X     4     X  

Aranzulla et al. 
[3] 

1998       X X   X                  4     X       

Paradiso et al. 
[51] 

1998  X   X  X X X   X  3   
1 Bend 

Sensor, 1 
Accelerom. 

Other: Measuring of dance 
performance, influencing music 
rhythms based on dance moves 

Barrera et al. 
[5] 

2003   X       X      X            7         X   

Carrozza et al. 
[10] 

2005 X     X     X X     
4 flexible 

switches, 1 
Accelerom. 

X    X 

Hannula et al. 
[24] 

2007 X       X   X X                  16 EMFI X         

Martínez-Nova 
et al. [40] 

2007 X       X   X             64         X X       

Bamberg et al. 
[6] 

2008 X       X   X                2 4 
 1 Bend 

Sensor, 1 
EFS 

X X       

Iso-Ketola et al. 
[32] 

2009 X       X   X X            9           X     

Shu et al.  
[65] 

2010 X       X   X                    6 Fabric X         

Konttila et al. 
[36]

2011   X     X   X X                  
2 Air 

Pressure
X   X     

Cheng et al. 
[12] 

2013       X X   X              4       
Other: Distinguishability between 
Stairs (up/down), Road 
(up/down) and Meadow 

ShoeSoleSense 
[41][42][66] 

2013/14 X       X X 
   

X X X    6   1   X     X X 

Wiebe et al. 
[74] 

2014 X         X 
 

X   
 

X 
 

       4   X       X 

Fukahori et al. 
[20] 

2015    X  X  X   X X     8     X 

CapSoles 2017 X       X   X 
 

X X        6       
Other: User Identification + 
Distinguishability of 
different Ground Surfaces 
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