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Abstract
Power meters are vital for a cyclist during training and competitions as a tool for
evaluation and improvement. Expanding their application to other sports would
help athletes train better during workouts and maximize performance. In cross-
country skiing, power comes from the poles and highly depends on skiing technique
used. Thus, in order to predict power, it is important to predict which technique
is being used. This thesis focuses on evaluating two machine learning methods to
predict techniques in cross-country skiing. Data is collected in collaboration with
Skisens AB who provided the sensors and Ulricehamn’s skidgymnasium who helped
in collecting data and experimental planning. Data was collected on a treadmill and
on roller skis in an outdoor setting to get a balanced set of data and evaluations.
Random forests and LSTM networks were selected as the two methods for evaluation.
10 fold cross validation was performed on each model after hyperparameter tuning
and the overall accuracy, balanced accuracy and MCC score were recorded. Random
forests with a reduced feature set achieved an overall accuracy of 74.4%, while the
accuracy of treadmill data and outdoor data was 89.8% and 85.8% respectively. The
LSTM model achieved an overall accuracy of 86.2%, while the accuracy of treadmill
data and outdoor data was 86.5% and 84.1% respectively.

Keywords: Cross country skiing, machine learning, random forest, neural network,
force, analytics, data science, sports, gait analysis, skiing techniques, science, engi-
neering.
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1
Introduction

1.1 Overview

Power, or work-rate, is probably the most fundamental key indicator for comparison
of human physical performance. In contrast to other metrics, e.g., speed, it is a
robust measure to compare performance under various environmental conditions,
e.g., wind or slope. It can also be viewed as a measure of absolute intensity that can
be used for capacity analysis and for comparing di�erent individuals. In contrast,
measures such as heart rate, only provide the relative performance for an individual.
With the use of power meters in cycling, some of the bene�ts mentioned above
have been realized during training and competitions as a tool for evaluation and
improvement of performance. Expanding the application of power meters to other
sports would help athletes train better during workouts and maximize performance.

Another sport that has physical requirements very similar to cycling is cross-
country skiing. In contrast to cycling, cross-country skiing has propulsion from both
the poles and skis, and the power that comes from these poles is highly dependent
on the skiing technique used. Thus, in order to assess the full-body power, it is
important to identify which skiing technique (or gear) is being used. Gait analysis
is a widely used technique that enables the study of body movement under various
conditions and help identify patterns that can explain speci�c behavior, postures,
etc. [1, 2, 3]. In cross-country skiing, gait analysis of an individual has usually
involved IMUs mounted on the body at various locations and processing that data
for analysis [4]. However, having sensors in ski-pole handles would enable data
collection whenever and wherever a person is skiing, without the need for a separate
IMU device.

Skisens1 is a start-up company from Chalmers, that has developed a ski pole han-
dle comprising of integrated sensors including a strain-gauge based load cell for force
measurements and a 9 axis IMU for detection of the pole's angle versus the sagittal
plane. This information is vital to identify the rhythm, speed, force of a skier as
they ski in multiple gears. The handle is capable of processing and transmitting the
information wirelessly to a smart phone for further analysis, training and potentially
for performance improvement. If we successfully could identify skiing techniques us-
ing only the sensors in the ski pole, this would eliminate the need for additional

1https://skisens.se/en-produkten/
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1. Introduction

IMUs and create new opportunities in athlete training as they will now be able to
gather data beyond just training facilities.

Now, if a machine learning method can be developed that would continuously
learn from this readily available information, it could be used to assist skiers to
improve their techniques, analyze current performance or provide recommendations
for elite skiers and non-skiers alike. In the longer term, such a model could improve
iteratively, the more frequently a skier uses the information to train and calibrate
for their style of skiing. All this information could be made available directly on a
mobile phone via interactive visualizations.

1.2 Literature Survey

Micro-sensor units that contain a combination of accelerometer2, gyroscope and
GPS sensors are being widely used in sports for gait analysis [5, 6, 7]. Even in
cross-country skiing, such a unit mounted on the upper-back has helped identify
the di�erent skiing techniques (Marsland et al. [8]). These sensors measured 6
features - linear acceleration along the x,y,z-axis and angular acceleration along the
x,y,z-axis. Using all these features, it was possible to identify cyclical patterns for
each technique. It was also possible to observe skiing patterns unique to a skier
by analyzing these patterns. This study was carried out in uncontrolled conditions
with respect to speed, slope etc. due to which it was not possible to study the e�ect
of these factors on the skiing patterns. However, another study [9] adds to this by
controlling speed and slope on a treadmill and using �ve accelerometers attached to
the hip, both the poles and boots. They were able to identify di�erences between
skiing techniques and that even though the patterns may vary across skiers, a skier
was still able to reproduce their pattern of skiing across training sessions within the
same day or after 4 months.

Machine learning methods could leverage data from such sensors to predict and
analyze performance. Neural networks such as Long Short Term Memory Networks
(LSTM) is a popular machine learning method used for prediction of sequential
data by learning long-term dependencies. LSTMs have been used previously to
analyze cross country skiing techniques (Jang et al. [10]), where they used up to 17
sensors mounted on the body. Multiple models were trained using data from di�erent
number of sensors at speci�c positions on the body. Their study was performed on
data collected by 3 skiers (1 male, 2 female) outdoors on �at and natural surfaces.
They used a CNN-LSTM based deep learning model to test the di�erent sensor
con�gurations. It was observed that as the number of sensors reduced, the accuracy
declined, but 5 sensors was the ideal balance between accuracy and lesser sensors.
These 5 sensors were in similar positions as the previous work [9]. Here, the model
performance was dependent on the location of the sensors, resulting in low accuracy
even when a lot of sensors were used but located at ine�cient positions. They

2https://www.analog.com/media/en/technical-documentation/application-notes/
AN-1057.pdf
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1. Introduction

achieved a mean accuracy of 80% when trained over two skiers and tested over the
third skier considered as unseen data.

Another study [11] made use of a single accelerometer inside a mobile phone that
was mounted on the skiers chest. Data was collected for 11 skiers (7 male, 4 female)
and a Markov-chain based machine learning model was employed that achieved an
accuracy of 86.0%� 8.9%. Here, it was found that the majority of the incorrect
classi�cation occurred while switching between gears. Some studies have tried to
improve accuracy of a model by separately labeling these phases of time where a
skier is switching between two skiing techniques so that they can be predicted as
separate classes [12]. In this study, the classical style of skiing was considered and 6
sensors collectively measured data on the sternum, lower back and wrists, and with
sensors directly on the pole handle itself using velcro straps. The skiers performed
low intensity and high intensity runs on an outdoor track that enabled them to utilize
most of the techniques available. Recorded data was split into cycles of strokes and
supplied as input to a classi�cation algorithm that achieved an accuracy> 90%.

A pilot study was also conducted with Skisens using a neural-network-based ap-
proach [13], with the help of an earlier version of their ski-pole handle to identify
skiing techniques using CNN, LSTM and Bidirectional-LSTM models. In this study,
two di�erent experiments were carried out - one where the model was trained on
a subset of data containing samples from all skiers and tested on an unseen sub-
set; and a second experiment where the model was trained on data from two skiers
and tested on unseen data from a third skier. In the �rst experiment, the LSTM
model yielded 95% accuracy and it was able to identify techniques accurately for
all the skiers. However, the second experiment experienced a drop in performance
resulting in an overall accuracy of 78%. It was suggested that a larger dataset with
more skiers could potentially improve these results and such a model could gener-
alize more e�ectively, as a model generally drops in performance when dealing with
unseen data.

1.3 Objective

The objective of this thesis is to evaluate the performance of two machine learning
methods to identify cross-country skiing techniques - speci�cally, 3 classical cross-
country skiing techniques. The results obtained in this study could set a base for
further development of applications that assist in training casual and elite skiers.
Through this study, we want to assess if it is possible to predict skiing techniques us-
ing only two force sensors embedded in the ski pole handles. Compared to previous
studies that use up to 6 inputs from each sensor (linear acceleration along the x,y,z-
axis and angular acceleration along the x,y,z-axis), could a machine learning model
using just 2 force measurements predict skiing techniques as accurately? Addition-
ally, since data is being collected both indoors and outdoors, we want to assess how
well the machine learning models can generalize and predict skiing techniques per-
formed indoors and outdoors. It is important to identify the right machine learning

3



1. Introduction

method that would work well with time-series data and identify nuances in tech-
niques either from available information or from additional calculated �elds. The
calculated �elds would be created by leveraging domain knowledge in order to ex-
tract useful features of a skiing stroke. This would allow us to evaluate whether such
calculated features could help understand the data and predictions more e�ectively.
Lastly, we explore the feasibility of �ltering methods to re�ne and group prediction
results in such a way that results visually match real-world skiing scenarios better.

4



2
Background

This chapter provides background information that would be useful to understand
the experimental setup and results. It begins by introducing the basic concepts of
cross-country skiing and the techniques that are a part of this thesis. It covers details
about the sensors and the machine learning algorithms used in the experiments. The
metrics used to evaluate the the performance of the machine learning models are
also discussed.

2.1 Cross-Country Skiing

Cross-Country Skiing (abbreviated as xc-skiing) is a popular form of skiing, espe-
cially in the Scandinavian countries like Sweden, Finland and Norway. This form of
skiing is typically done in landscapes comprising of �at terrains, gentle ascents and
descents. Apart from competitive events, cross-country skiing is also popular among
people who like to explore the outdoors whether they are seasoned professionals or
beginners. Cross-country skiing requires basic equipment such as boots, skis and
ski poles. Ski poles used in cross-country skiing are longer than usual as they aid in
stability of the skier.
The skis are long and skinny, attaching to the boots only at the front part of the
foot. This enables freedom of movement using the heels for speci�c maneuvers. This
form of skiing requires the use of arms extensively as one tries to keep the body in
motion and move forward speci�cally in ascents and �at terrains.
There are two main styles of cross-country skiing - Classical and Freestyle. This
thesis focuses on identifying only the Classical techniques. For this thesis, three
classical techniques were selected to analyze and identify using machine learning
methods - Double Pole, Step Double Pole and Diagonal Stride.

2.1.1 Double Pole

The Double Pole (DP) technique is the most critical and commonly used technique
in cross-country skiing. This technique can be broken down into three phases -
Push-o�, Glide and Weight Transfer. Fig. 2.1 depicts one stroke of the double pole
technique. The stroke begins with the push-o� phase where hands are held high,
about a foot away from the shoulders with the elbows bent at a 90-degree angle (Fig.
2.1(a)). Once the skis are planted to the ground, the the upper and lower body is
engaged to propel forward, by �exing the abs, knees and ankles (Fig. 2.1(b)-(f)).
This is followed by the glide phase when the skier glides forward for a period of time

5



2. Background

that is dependent on factors such as terrain, wind conditions etc. As the skier is
nearing the end of the gliding duration, they enter the weight transfer phase where
they move up and forward by extending the upper and lower body that was �exed
earlier.

(a) (b) (c)

(d) (e) (f)

Figure 2.1: Double Pole Skiing Technique : Represented as a series of images going
from (a) through (f)

2.1.2 Diagonal Stride

The Diagonal Stride (DS) is the oldest and most basic cross-country skiing tech-
niques. It is a versatile technique characterized by �uid arm and leg movements
that help power the skier across �ats and uphills. Since these arm and leg move-
ments are similar to walking, the diagonal stride serves as a good entry point into
cross country skiing. The two basic elements of the diagonal stride are - a Kick,
followed by a Weight Transfer. It begins by a downward facing back kick with right
foot and swinging the right arm forwards and left arm backwards, while ensuring
that the poles are angled backwards (Fig. 2.2(a)). The right pole must be planted
in line with the left foot to facilitate gliding on the left ski (Fig. 2.2(b)-(c)). Then,
the right foot must be brought back near the left foot to begin a kick with the left
foot (Fig. 2.2(d)). This time, instead of the right foot, the left foot performs a kick
while the left arm is swung forward enabling a glide on the right ski (Fig. 2.2(f)).
The left foot is brought near the right foot and all the above steps are repeated
again.

6
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