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Abstract
Speed skating takes place on ice rinks and is, therefore, dependent on seasonal conditions. To be able to train all year round, 
training in the summer months, when no ice rinks are available, consists mainly of athletics and endurance training as well 
as imitation drills. Imitation drills are exercises, e.g. on a slide board, which imitate the actual skating movement. To objec-
tively evaluate the quality of the execution of these exercises, key performance indicators such as push-off forces need to be 
quantified. The aim of this work was to determine the push-off forces during speed skating imitation drills using pressure 
insoles in combination with machine-learning methods. A slide board is usually not instrumented. Here, the slide board was 
equipped with force plates to record the target variables, i.e. the push-off forces. The input variables to determine the push-
off forces were recorded using plantar pressure insoles and triaxial accelerometers. Seven participants took part in the study. 
Two different machine-learning algorithms were compared. A non-linear deep neural network model and a linear multiple 
variable regression model. The models were trained using the obtained force–time curves. The linear regression model proved 
sufficient to predict the push-off forces. The relative difference between the measured and modelled maximum push-off force 
remained below 5%. This approach, based on a mobile and low-cost measurement system, allows a quantitative analysis of 
the athlete’s technique/performance. Therefore, we expect the instrument to be a helpful tool for the training of speed skaters.

Keywords Machine learning · Winter sport · Speed skating · Ground reaction forces · Training control

1 Introduction

In speed skating, top performance consists of an optimum 
between power generation and minimal power loss due to air 
and ice friction [1]. To reduce the aerodynamic drag, athletes 
use a crouched skating position with low knee and trunk 
angles [2]. Since the friction between the skate blade and the 
ice is very low [3], athletes have to use the gliding technique 
to generate propulsion [4, 5]. This means that push-off forces 
against the ice must be generated in the direction perpen-
dicular to the gliding direction of the skate [6].

The total power of the athlete is calculated from the work 
per stroke and the stroke frequency [6]. The work per stroke 
is determined by the lateral component of the push-off force, 
which is directed at right angles to the gliding direction [6]. 
The stroke frequency or cadence is determined as the num-
ber of push-offs per minute (ppm) [7]. The skating motion 
consists of a skating stroke, which is divided into the glide 
phase, the push-off phase, and a recovery phase [4]. The 
glide phase is characterised by the body being supported by 
one leg, which remains at an almost constant length. The 
push-off phase begins with the initiation of leg extension 
and ends with full leg extension when the skate blade lifts 
off the ice. In the recovery phase, the skate is returned to the 
starting position under the body [4].

The performance of speed skaters is maintained and max-
imised by regular training. Due to the varying physiological 
and neuromuscular demands, such training should include 
sport-specific training stresses [8]. However, winter sports 
athletes can struggle with access to the necessary training 
facilities during summer [8]. Therefore, speed skaters estab-
lished alternative training methods that imitate one or more 
specific parts of the speed skating movement to maintain or 
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build their performance [9]. The so-called imitation drills 
train both technical and physiological skills.

It is possible to train the specific movement character-
istics of speed skating outside the ice season using a slide 
board. The slide board is a non-instrumented horizontal 
board with a smooth surface and upright bars at both lateral 
ends, on which the skating motion (Fig. 1) can be imitated 
while athletes wear athletic shoes [9]. Athletes push-off 
from the bar located on one side of the board with one leg 
and then slide sideways to the other side. Once there, they 
push-off from the bar with their opposite leg. Although the 
friction of the slide board (0.13 ± 0.05 [7]) is four times as 
high as skating on ice (between 0.003 and 0.031 [3]), these 
imitation drills show a high degree of similarity to speed 
skating [9].

Quantitative recording of athlete performance parame-
ters during training is commonly used to plan, monitor and 
control training interventions. In speed skating, quantitative 
information such as work per stroke as well as stroke fre-
quency can provide relevant information about fatigue and 
performance. In 1982, van Ingen Schenau et al. [10] showed 
that the lateral push-off force determines the amount of use-
ful work per stroke and that interindividual differences in 
performance are related to differences in push-off mechanics 
[6]. Push-off forces can thus be considered a valuable control 
parameter for effective training.

The established approach of recording ground reaction 
forces with a force plate in the laboratory does not fully 
reflect actual conditions during athletic activity [11]. There-
fore, recording ground reaction forces under field condi-
tions has recently become a frequent research topic [12]. 
The push-off forces in speed skating have been measured 
using instrumented skates [3, 13]. These skates had meas-
uring elements made of aluminium with three temperature-
compensated strain gauges between the shoe and the skate 
blade to register forces in both fore/aft and normal direction. 
The complete measurement system also consisted of a bat-
tery pack and a microcomputer, both worn on the skater’s 

back. While these are promising approaches, they rely on 
costly hardware and a complicated setup. The usability of 
these instrumented skates is also compromised outside of 
the winter season.

Alternative approaches to measuring ground reaction 
forces based on machine learning have already been used 
in the field of running. For example, Billing et al. [14] used 
artificial neural networks to determine ground reaction 
forces of four middle-distance runners. The input variables 
were the values measured by pressure sensors and the target 
variables were the ground reaction forces measured by a 
force plate. Jacobs and Ferris [15], as well as Savelberg and 
Lange [16], demonstrated that ground reaction forces can be 
determined with less than 10% deviation compared to a force 
plate using pressure insoles and artificial neural networks.

In this paper, a similar approach is applied to speed skat-
ing using the example of imitation drills on a slide board. 
The slide board, which was instrumented using two force 
plates, was chosen for two reasons. First, as mentioned ear-
lier, the use of a slide board mimics the actual speed skating 
motion on ice [9]. Second, the movements can be performed 
at a stationary location under controlled conditions through-
out the year. This makes it possible to record the target vari-
ables with consistent quality.

The aim of this work was to find out to what extent it is 
possible to determine the push-off forces of an athlete dur-
ing training on a regular slide board that does not provide 
force plate sensor data. Based on pressure insoles and their 
combination with machine-learning methods, a mobile, low-
cost, and easy-to-use measurement system for determining 
the push-off forces was developed.

2  Methods

A slide board was instrumented to record the target vari-
ables, i.e. push-off forces and times. The slide board (2.5 m 
wide, 1.25 m deep, and 0.25 m thick) with a polyethylene 

Fig. 1  The characteristic phases of the speed skating imitation drill 
on a slide board, shown for the left side. The sliding movement from 
the opposite side of the slide board ends with the bar contact of the 

left leg. The push-off phase begins with push-off initial. The push-off 
force increases until push-off maximum is reached. The slide phase 
begins with the release of the left leg from the bar
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surface was mounted at both ends on two force plates with 
built-in amplifiers (Fig. 2). The control of the first force plate 
(model 9287BA, Kistler Instrumente AG, Winterthur, CHE), 
which was connected to a data acquisition system (Lock+, 
Oxford Metrics, Oxford, GBR), was performed using Nexus 
2 software (Oxford Metrics, Oxford, GBR). The control of 
the second force plate (model 9286BA, Kistler Instrumente 
AG, Winterthur, CHE), which was connected to another 
data acquisition system (imc CRONOS PL-2, imc Test & 
Measurement GmbH, Berlin, DEU), was performed using 
imc DEVICES software (imc Test & Measurement GmbH, 
Berlin, DEU). The resulting medio-lateral force (Fx), cal-
culated as the sum of the two separately measured medio-
lateral forces of each plate (Fx1, Fx2), was used as the target 
variable for the push-off force.

The input variables for determining the push-off force 
were obtained from 16 plantar pressure signals (Pn, where 
n represents the sensor channel from 1 to 16) and two tri-
axial accelerometers (axL, ayL, azL, axR, ayR, azR). Plantar 
pressures were measured by two pressure insoles (each 
0.8 mm thick and weighing 7 g) inserted into the athletes’ 
sports shoes. Each pressure insole consisted of eight indi-
vidual pressure sensors (Smart footwear sensors/HD 002, 
IEE, Echternach, LUX). Sensor readings in each sole were 
recorded and synchronised by mobile measurement systems 
(each 50 mm long, 30 mm wide, 19 mm high and weigh-
ing 30 g) with integrated accelerometers that were attached 

to the athletes’ ankles. The mobile measurement systems 
were developed within our research group [17]. The sensors 
were controlled using the ENVISIBLE software (Envisible 
Steinbeis-Forschungszentrum Human Centered Engineering, 
Chemnitz, DEU).

Seven participants (one female and six males, with mean 
age and standard deviation of 34 ± 11 years, and a mass of 
76.1 ± 8.8 kg) with different experience levels participated 
in this study (Table 1). The experience level refers to a par-
ticipant’s ability to perform the correct technique for speed 
skating imitation drills on a slide board, rather than fulfilling 
physiological requirements (Table S1 in Online Resource). 
The study was conducted in accordance with the ethical 
standards of the Behavioural and Social Sciences Ethics 
Board of the Chemnitz University of Technology. All partic-
ipants took part voluntarily and provided informed consent.

The speed skating imitation drills were performed ten 
times by each participant on each of two separate meas-
urement days. One trial consisted of five complete push-
off phases per leg on the instrumented slide board while 
wearing the pressure insoles. Each trial lasted about 17 s. 
Before the trials, participants warmed up and became 
accustomed to the slide board. Since conditioning was 
recommended for the sensors used in the pressure insoles 
[18], the so-called Foot Sensing Resistors (FSR) sensors, 
this took place immediately before the actual imitation 
drills. Conditioning, i.e. prior loading of the sensors, is 

Fig. 2  Schematic representation of the test setup. The slide board was 
instrumented with two force plates to measure the target variables, 
i.e. resulting medio-lateral force and times during the speed skat-
ing imitation drill. Both force plates were connected to data acquisi-
tion systems. The input variables, i.e. plantar pressure signals, were 

recorded by two thin pressure insoles, each with eight pressure sen-
sors, inserted into the athlete’s shoes. The insoles were each operated 
by a small mobile measurement system with integrated triaxial accel-
erometers that was attached to the side of the athlete’s legs
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intended to ensure that the sensors provide repeatable 
results during testing. For this purpose, athletes first 
stepped onto the slide board with one leg from a double-
legged stance and held this position for 2 s without move-
ment before the second leg followed. During the trials, 
athletes wore socks over their sport shoes to reduce the 
coefficient of friction on the slide board. Both target and 
input variables were recorded at 100 Hz. Although athletes 
were asked to adopt the crouched skating position, body 
posture was not controlled in this study. All tests were 
performed within 6 months.

The measurement data were then pre-processed to manu-
ally synchronise the three different measurement systems. 
For synchronisation, the curves of the vertical forces (Fz1, 
Fz2) of each force plate and the pressure sum of each insole 
during the conditioning phase were considered. The char-
acteristic deflection in each curve at the beginning of the 
single-leg stance on the slide board was automatically 
determined using MATLAB R2020b (The MathWorks 
Inc., Natick, MA, USA) and used as a starting point for all 
measurement systems. In individual cases, the course of the 
medio-lateral forces was also included in the determination 
of the exact time point. After synchronisation, the medio-
lateral force data from the two individual force plates were 
combined to form the total medio-lateral force (Fx).

The following key performance indicators (KPI) were 
derived from the push-off force–time curve of the trimmed 
data sets to characterise the imitation drill technique (Fig. 3): 
force at bar contact (FBC), time at bar contact (tBC), force at 
push-off initial (FPOi), time at push-off initial (tPOi), force 
at push-off maximum (FPOmax), time at push-off maximum 
(tPOmax), force at bar off (FBO) and time at bar off (tBO). Time 
at bar contact was also used to calculate the stroke frequency 
(f). The bar contact was identified as a local maximum and 
the bar off event as a local minimum in the push-off force. 
The initial push-off event was identified as a local mini-
mum in the measured push-off force between bar contact 
and push-off maximum.

It is possible to extract the approximate times of each 
KPI during a trial on the slide board using only the pressure 
and acceleration sensor (see “Results” section). However, 
it is unclear how to transform the sensor data into the cor-
rect force amplitude at these particular time points. Modern 
machine-learning methods rely on thousands of data points 
to find the optimal model parameters. To solve this problem, 
the learning algorithms used here were trained to optimally 
predict the complete force–time curve by minimising the 
root mean squared error (RMSE) between the measured 
and the modelled force at each time point. First, the training 
of the algorithm was completed and the parameters of the 
model were optimised. Second, the time points that denote 
each KPI were manually derived from the sensor curves (not 
from the force plates). Finally, the sensor values at these 
time points were used as input to the model to predict the 
specific KPI force values.

Each participant was modelled separately. All models 
were trained using the concatenated data of the 16 insole 
pressure sensors collected during the first six trials on the 
slide board on the first of the participant’s two measurement 
days. The ankle acceleration sensors did not substantially 
improve the models and were excluded from training. To 
use only data from the regular movement execution on the 
slide board, the data before the second sliding stroke and the 
data after the penultimate sliding stroke were truncated for 
each trial. Each model was trained to minimise the RMSE 
between one output variable and the measured medio-lateral 
force–time curve.

To avoid overfitting, machine-learning researchers typi-
cally test their models on different data than that used for 
training. Approaches which predicted athlete’s ground reac-
tion forces trained and tested their models on data recorded 
on 1 day [14–16]. This procedure can be insufficient if the 
athlete wants to use the model again on another day. Several 
factors might affect the model’s accuracy in between these 
days. To counteract this potential shortcoming, the accuracy 
of our models was tested on the four remaining trials of the 

Table 1  Detailed information on participating athletes including anthropometric data and their experience level classification

The body weight data refers to the mean plus/minus the standard deviation

Participant id Gender Age (years) Body weight (kg) Body height (m) Shoe size (UK) Insole 
size

Experience 
level

1 Male 48 80.2 ± 0.4 1.80 10 XL 2
2 Female 31 74.1 ± 0.7 1.74 7.5 L 1
3 Male 43 77.4 ± 0.1 1.87 10.5 XL 2
4 Male 36 94.6 ± 1.3 1.86 10.5 XL 4
5 Male 43 71.4 ± 0.6 1.76 8 L 2
6 Male 18 68.6 ± 1.2 1.74 9.5 XL 3
7 Male 19 66.4 ± 0.0 1.79 9 L 3
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first measurement day and on all ten trials of the second 
measurement day. The interval between the first and second 
measurement day lasted from 3 weeks to 6 months.

Two different machine-learning algorithms were com-
pared. A non-linear deep neural network model and a linear 
multiple variable regression model. Deep neural networks 
are the backbone of virtually all modern machine-learning 
algorithms [19–21]. However, classical multiple linear 
regression is also still used as a modelling tool in academia 
and industry [22–25]. The advantage of linear regression 
models is their simplicity. The user can understand what 
the model is doing and the machine can quickly compute 
the optimal parameter values. Furthermore, if the functional 
relationship between the independent and dependent vari-
ables is almost linear, a deep neural network will not out-
perform a linear model.

The basic building blocks for the deep neural network 
model used were provided by and implemented in the Keras 
2.4 machine-learning library [26]. The models were run 
using Python 3.9 on a quad-core 1.80 GHz Intel i7-10510U 
processor with 32 GB RAM. Deep networks with varying 
numbers of hidden layers (1–5) and several different activa-
tion functions were compared. All networks were trained 
using Nesterov’s stochastic gradient descent [27, 28] with 
decay and momentum. Of the model architectures tested, a 
network with 1 hidden layer of 20 artificial neurons or units, 
each using a rectified linear activation function, proved to 
be optimal.

A comparison of the performance (using the RMSE) of 
the optimal deep neural network and a linear model imple-
mented in Python using the sci-kit 0.24.2 machine-learning 
library [29] was done. The linear model performed equally 
well or slightly better than the deep neural network. The 
characteristic curve describing the ratio of voltage to pres-
sure of the insole sensors was logarithmic, but could be well 
approximated as linear up to 1 V. Since only 2% of the meas-
ured sensor data had voltage values above this 1 V thresh-
old, the linear approach seems to be sufficient to model the 
relationship between pressure sensors and force.

Consequently, all data analysed in the results were pro-
duced using linear multiple regression. For simplicity, the 
models used throughout the analysis were implemented in 
MATLAB R2020b using its linear machine-learning model 
libraries. An explorative comparison of a linear mixed-
model approach in MATLAB with trial as a grouping factor 
also showed no improvement in performance. The “simple” 
multiple linear regression model performed best.

In the search for further optimisation of the performance 
of the linear regression model, it was found that certain KPIs 
were better predicted when the model was trained only on 
characteristic intervals of the force–time curve. Only for bar 
off (BO) the optimal model parameters were found when 
the machine-learning algorithm was trained on the com-
plete data as described above. This model, trained on the 
complete data, will be referred to as the skate model. The 
remaining performance indicators in terms of bar contact 
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Fig. 3  Medio-lateral force–time curve of the speed skating imitation 
drill on the slide board with key performance indicators drawn in and 
schematic representation of the phases. Note that the symbol ‘o’ indi-

cates the bar contact (BC), ‘□’ indicates push-off  initial (POi), ‘*’ 
indicates push-off maximum (POmax), and ‘x’ indicates bar off (BO)
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(BC), push-off initial (POi) and push-off maximum (POmax) 
events, were best predicted when the model was trained only 
on the data between bar contact and the maximum push-off 
amplitude. This model, trained only on data between the 
bar contact and the maximum push-off amplitude, will be 
referred to as the push-off model. The push-off model was 
further improved by modelling the left leg push-off data sep-
arately from the right leg data. For each participant, a total 
of three models were trained on their data. One skate model 
using the complete data and two push-off models, each 
trained on the intervals from tBC to tPOmax for each leg. Alto-
gether, 21 multiple linear regression models were trained 
and tested. All model parameters and complete force–time 
curve RSMEs are given in the Online Resource.

Statistical analyses were performed to identify meaning-
ful differences between the measured and modelled KPI of 
the test data. Specifically, mean values, standard deviations, 
RMSE, absolute differences (δ) and relative differences (Δ) 
were calculated to make informed statements about the pre-
dictability of push-off forces combining pressure insoles 
and machine-learning methods. The KPIs were additionally 
examined with respect to various factors that may influence 
the predictability. These independent factors included the 
participants, the day of measurement, the number of trials, 
and the side of the leg.

All data and analysis scripts were uploaded to a public 
repository on OSF (Open Science Framework from the 

Center of Open Science) and can be accessed at https:// osf. 
io/ kaghn/.

3  Results

The push-off force–time curves and characteristic KPIs of 
the speed skating imitation drills on a slide board could be 
modelled for the seven participating athletes (Fig. 4). Only 
test trials (four trials per participant on measurement day one 
and all ten trials per participant on measurement day two) 
were used for the comparison of measured and modelled 
KPIs. The total maximum push-off force (FPOmax) was 575 N 
with a standard deviation of 85 N. The modelled value was 
542 ± 103 N (Table 2). This total force was calculated as the 
mean of all factors such as participant, day of measurement, 
number of trial and leg side. The total relative difference 
between the amplitude of measured and modelled FPOmax 
was under 5% (Table 3).

If one considers the difference in amplitude between the 
measured and modelled push-off force as a function of indi-
vidual factors, larger differences can be seen in some cases. 
For the factor participant, the differences vary between 
0.0 ± 10.9% (p #4 with the highest experience level) and 
12.9 ± 11.0% (p #1). For the factor day of measurement, 
the differences between measurement and model were 
smaller on the second measurement day than on the first 

Fig. 4  Measured and modelled parameters of trial number three on the second measurement day of participant one. Only one skate slide is 
shown for each side. For simpler display the ankle acceleration is only shown for the leg on the bar contact side

https://osf.io/kaghn/
https://osf.io/kaghn/


Determining push-off forces in speed skating imitation drills  Page 7 of 10 25

measurement day. Differences were also apparent when the 
leg side factor was considered in isolation. In particular, the 
mean relative difference for the left leg (0.7%) was smaller 
than for the right leg (8.9%). Another result that can be 
derived from the table is that the standard deviation ranged 
consistently between 10.9% and 22.8%, regardless of the 
other factors. The total amplitudes and relative differences 
of the other KPIs are listed in the Online Resource (Table S2 
to S4).

The KPIs that denote the timing of events were predicted 
accurately. The total mean absolute error between the pre-
dicted KPIs derived from the modelled variables and the 
KPIs determined from the measured variables was less than 

0.03 s (Table 3). Looking at the individual factors in isola-
tion, one finds that with the exception of the push-off initial 
times (tPOi) for participant four (− 0.06 s) and six (− 0.07 s), 
all mean absolute differences were less than or equal to 
0.05 s. This was also reflected in the small relative differ-
ences for the stroke frequencies (Table 2) calculated from 
the times at bar contact (tBC).

The total RMSEs of force amplitudes and time differ-
ences of all KPIs were predicted with varying accuracy 
by the multiple linear regression models (Fig. 5). Push-off 
initial and push-off maximum show the smallest deviation 
in amplitude with 29 and 33 N, respectively. The deviation 
of the predicted and measured medio-lateral force during 

Table 2  Maximum push-off 
forces (FPOmax) and stroke 
frequencies (f)

Given are the means and standard deviations of the measured target variables derived from the force plates, 
the modelled variables predicted from the pressure input variables of the test data, and their relative differ-
ences (Δ); (a) FPOmax independent of participant (p), day, trial and leg; (b) FPOmax independent of partici-
pant, day and trial; (c) FPOmax independent of participant, trial and leg; (d) FPOmax independent of day, trial 
and leg

FPOmax (N) f (ppm)

Measured Modelled Δ (%) Measured Modelled Δ (%)

(a) Total 575 ± 85 542 ± 103 4.9 ± 17.7 22.8 ± 4.0 22.8 ± 4.0  − 0.1 ± 2.7
(b) Left leg 572 ± 84 564 ± 119 0.7 ± 18.6 22.9 ± 3.9 22.9 ± 3.9  − 0.1 ± 2.0

Right leg 579 ± 85 520 ± 79 8.9 ± 15.9 22.7 ± 4.0 22.7 ± 4.1  − 0.1 ± 3.2
(c) Day 1 572 ± 83 527 ± 89 7.3 ± 14.5 22.3 ± 3.9 22.4 ± 4.0  − 0.2 ± 3.7

Day 2 577 ± 87 548 ± 108 3.8 ± 18.8 23.0 ± 4.0 23.0 ± 4.0  − 0.1 ± 2.1
(d) p #1 537 ± 39 465 ± 45 12.9 ± 11.0 21.2 ± 1.6 21.2 ± 1.7  − 0.3 ± 2.8

p #2 676 ± 72 615 ± 89 8.2 ± 15.5 23.7 ± 1.2 23.7 ± 1.3 0.0 ± 2.1
p #3 523 ± 36 465 ± 129 11.2 ± 22.8 15.5 ± 1.1 15.5 ± 1.1 0.0 ± 1.6
p #4 590 ± 51 587 ± 60 0.0 ± 10.9 23.3 ± 1.3 23.3 ± 1.4  − 0.3 ± 2.2
p #5 628 ± 43 551 ± 75 11.9 ± 13.6 25.0 ± 1.4 25.0 ± 2.0  − 0.2 ± 5.0
p #6 621 ± 33 614 ± 110 0.9 ± 19.1 29.1 ± 1.3 29.1 ± 1.3  − 0.1 ± 1.5
p #7 462 ± 36 507 ± 47  − 10.5 ± 14.2 22.5 ± 1.2 22.5 ± 1.3 0.0 ± 1.8

Table 3  Mean and standard deviation for absolute difference (δ) 
between measured target variables derived from the force plates and 
the modelled variables for bar contact times (tBC), push-off initial 
times (tPOi), push-off maximum times (tPOmax) and bar off times (tBO); 

(a) differences independent of participant (p), day, trial and leg; (b) 
differences independent of participant, day and trial; (c) differences 
independent of participant, trial and leg; (d) differences independent 
of day, trial and leg

tBC (s) tPoi (s) tPOmax (s) tBO (s)

(a) Total 0.01 ± 0.06 −0.03 ± 0.12 0.01 ± 0.05  − 0.01 ± 0.06
(b) Left leg 0.00 ± 0.05 −0.02 ± 0.11 0.01 ± 0.05 −0.01 ± 0.06

Right leg 0.02 ± 0.06 −0.05 ± 0.13 0.01 ± 0.05 0.00 ± 0.06
(c) Day 1 0.01 ± 0.06 −0.01 ± 0.10 0.01 ± 0.05 0.00 ± 0.05

Day 2 0.01 ± 0.05 −0.04 ± 0.13 0.01 ± 0.05 −0.01 ± 0.06
(d) p #1 0.02 ± 0.07 −0.01 ± 0.10 0.02 ± 0.06 −0.02 ± 0.05

p #2 0.02 ± 0.04 0.01 ± 0.06 0.02 ± 0.04 0.01 ± 0.05
p #3 0.00 ± 0.05 −0.05 ± 0.20 0.00 ± 0.05 0.02 ± 0.06
p #4 −0.02 ± 0.06 −0.06 ± 0.15 0.01 ± 0.05 −0.02 ± 0.06
p #5 0.00 ± 0.08 −0.04 ± 0.09 0.01 ± 0.05 −0.05 ± 0.06
p #6 0.00 ± 0.03 −0.07 ± 0.12 0.01 ± 0.03 0.01 ± 0.04
p #7 0.01 ± 0.04 −0.02 ± 0.10 0.01 ± 0.07 0.00 ± 0.04
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contact with the bar at the edge of the slide board was about 
five times as large with 164 N. When the athlete leaves the 
bar again, the RMSE was 60 N. In the time parameters, tPOi 
shows the largest error with 0.13 s. All other KPI timing 
errors remain at about 0.05 s (RMSE of tBC = 0.057 s; RMSE 
of tPOmax = 0.053 s; RMSE of tBO = 0.057 s). In summary, not 
all KPIs can be determined equally well using only sensor 
data and machine-learning methods, but most errors remain 
small.

4  Discussion

The aim of this work was to determine the push-off forces 
that occur during speed skating imitation drills with the 
help of a mobile measurement system using machine learn-
ing. The intention behind this work was to assist athletes 
striving to improve their speed skating performance. Novel 
technological tools allow for quantitative analysis of the ath-
lete’s technique/performance. At the outset of this study, the 
push-off force as a key performance indicator could only be 
measured with force plates or instrumented skates. However, 
since most athletes have limited access to these instruments, 
the goal of this study was to provide a way to measure this 
key performance indicator using an alternative, low-cost, 
mobile and easy-to-use measurement system.

Characteristic KPIs for the skate movement on a slide 
board were determined and compared with the KPIs deter-
mined by a force plate. This comparison showed that the 
characteristic values matched the measured values well. 
However, it also revealed the limitations of the models used. 
For each athlete, three different models had to be trained to 
predict the individually measured medio-lateral force with a 
good agreement. In addition, different KPIs were predicted 
to varying degrees. On the one hand, the maximum push-off 
force (FPOmax), an apparently important parameter to char-
acterise the performance of a skate stroke during the speed 
skating imitation drill, was well determined. On the other 
hand, the measured and modelled forces at contact with 
the slide board bar (FBC) showed large deviations. The tim-
ings that are important for determining the different events, 

including the derived stroke frequency, could again be pre-
dicted well.

The total relative difference between the measured and 
modelled maximum push-off force was under 5%. We 
consider this measurement error acceptable for practical 
applications. To our knowledge, push-off forces of imita-
tion drills on the slide board have not previously been ana-
lysed, and thus no quantitative parameters are available to 
assess imitation drills. Other scientific papers dealing with 
the prediction of ground reaction forces could be used for 
comparison. Jacobs and Ferris [15], as well as Savelberg 
and Lange [16] showed that their models can predict ground 
reaction forces with under 10% deviation. Considering all 
KPIs investigated, the approach presented here shows similar 
accuracy. We believe that this system, which only requires 
the use of pressure insoles and the subsequent application of 
linear machine-learning models, is well suited to be used in 
training for continuous monitoring of athletes’ performance.

Using the trials of the second measurement day, whose 
data were not used to create models, we showed that the 
models can be reliably applied to new trials after they have 
been trained for a specific athlete. The individual models 
generalise well over time. However, the models do not gen-
eralise well across all athletes. The push-off and skate mod-
els created for one athlete cannot be transferred to or used 
by other athletes without affecting the performance of the 
model. This circumstance was deliberately accepted, as oth-
erwise a study with a much larger study population would 
have been required. Even with this larger study population, 
one could not have been sure that generalisable models 
would have been obtained. The search for optimal param-
eters for a global model could be the subject of future work. 
Here, the level of experience could prove to be an important 
meta-parameter.

Since a low-cost measurement system based on thin, flex-
ible sensor cells was used for these measurements, the ques-
tion arises as to how reliable the entire measurement system 
can be. The basis of the employed measurement system is 
FSR sensors. It is known that the sensor output changes dur-
ing the first few times being loaded. However, by condition-
ing the sensor before the actual measurement, this artefact 

Fig. 5  Total root mean square 
errors (RMSE) of the force 
amplitudes and time differences 
for measured target variables 
and the modelled variables 
for bar contact (BC), push-off 
initial (POi), push-off maximum 
(POmax) and bar off (BO)
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can be counteracted [18]. Another problem with this type of 
sensors is drift, which is the change of a metrological prop-
erty of a measuring instrument over time. There is no indi-
cation of the amount of drift in the sensor data sheet [30]. 
According to the manufacturer, the FSR sensors used are 
high-dynamic sensors that have been specifically designed 
for in-shoe pressure measurement applications. Since these 
sensors have a high degree of environmental and mechanical 
robustness with a relatively low hysteresis at 8%, we expect 
that the drift will not have an excessively negative impact on 
the reliability of the measurement system. In conclusion, it 
can be assumed that the measurement system is reliable for 
the intended applications.

Another limitation of this study was the small and unbal-
anced population sample. For example, only one participant 
with the lowest and one with the highest experience level 
participated. Only one female was among the total of seven 
participants. For this reason, no conclusions can be drawn 
from the results as to whether and to what extent experience 
or gender differences have an influence on the prediction of 
push-off forces. The effect of experience and gender could 
be investigated in follow-up studies.

5  Conclusion

This work has shown that it is possible to accurately pre-
dict the push-off forces of an athlete during speed skating 
imitation drills using pressure insoles and machine-learn-
ing models. Furthermore, some individual KPIs can be 
determined with a higher accuracy than others. Although 
there are already technical solutions for measuring push-off 
forces on ice, e.g. instrumented skates, we plan to transfer 
our presented solution from the slide board to speed skat-
ing in the future. Such a solution could have advantages 
over instrumented skates. Unlike instrumented skates, the 
system developed here could be used in combination with 
the athletes’ individual skates. The mass of the complete 
measurement system would be lower, allowing a stand-
ard training experience. We believe it is unlikely that our 
combined system of pressure insoles and machine-learning 
models can reach the accuracy of calibrated instrumented 
skates or immobile force sensors. Nevertheless, if we are 
able to match or exceed the accuracy demonstrated here for 
imitation drills on the slide board also for speed skating on 
ice, our instrument could equally become a valuable tool for 
training speed skaters on ice.
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