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Figure 4: Visualization of the raw input into the method for the style scoring. The visualization shows the trajectories and
their confidence for three different jumps, where the locations are normalized according to the body mass center.

locations of the body and ski parts (X and Y coordinates),
along with their confidence estimation (C) in a 3D image-
like structure with 3 slices (X, Y, C), where the width of
the structure equals the number of body and ski parts and
height to the number of the image frames captured for the
jump. The coordinates of the body and ski parts are nor-
malized according to the center of mass of the body. The
encoding in the form of 3D tensors enabled the use of CNN
architectures for style scoring, which is widely used in ac-
tion recognition [7, 12, 21].

For style scoring, we used a similar approach to action
recognition work [7], based on 2D CNNs, but with a sim-
plified architecture consisting out of two convolutional lay-
ers, each followed by a max pooling layer, and two fully-
connected layers at the end. We cast the problem as a re-
gression problem, using an L2 loss, to predict the scores of
5 judges. The actual raw input into the method with the tra-
jectories and their confidence for the three example jumps
is presented in Figure 4. We can notice how detection con-
fidence nicely spots spurious detections (e.g. Y-axis for l.
ankle in jumps 1 and 2), effectively pushing confidence to
zero, which is also learned by the style scoring method.

4. Experiments and Results
In this section, we present the performed experiments

and results on a newly created dataset for ski jump style
scoring. We first present the dataset and the labels provided

in Section 4.1 and then the results for each of the solution’s
building blocks - ski jumper detection and pose estimation
results in Section 4.2 and style scoring in Section 4.3.

4.1. Ski Jump Dataset

A specific ski jump dataset for human pose estimation
was constructed for successful domain adaptation and in-
clusion of ski parts, not included in existing pose estimation
datasets [1, 11, 13]. We have also included the data that is
needed for ski jumper detection (bounding box) for each of
the frames and ski jump style scoring and other metadata
related to the particular competition and ski jumper. The
dataset represents the first of such kind in the ski jump do-
main and contains almost 1800 annotated images from the
2010 Winter Olympics in Vancouver. The prototype was
developed on the TV footage available on YouTube and we
have chosen a particular competition and footage due to
consistent camera movements. A production setup would
allow for (and probably require) a professional dedicated
camera setup which would significantly constrain the en-
vironment and our prototype can be viewed as the lower
bound of what is possible to achieve in a constrained, pro-
fessional environment, if available.

The distribution of annotated frames and jumps across
the ski jump hill types and train/test sets is presented in Ta-
ble 1. The training part of the dataset was constructed from
the first rounds of the competitions and the test set from
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(a) take-off (b) flight (c) landing (d) outrun

Figure 5: Example annotations for each part of the flight (take-off, flight, landing, outrun) - upper row and the actual input
into the pose estimation method CPM [19], with added 2D Gaussian peaks with small variance on the body and ski parts
locations.

the final rounds. For training (first rounds) we labeled 50
jumps from small and big ski jump hill types (100 jumps all-
together) and, for the test set, 30 jumps in the final rounds
(60 all-together), both using the footage from the main com-
petition. Additionally, we labeled 50 jumps from the first
round of the Nordic combined discipline (denoted with †)
on the small ski jump hill type in order to increase the vari-
ety of the ski jump style scores. We have provided 17 labels
for body and ski parts for each of the frames, as presented
in Figure 5 (upper row) and the distribution of frames over
the ski jump is presented in Figure 6. We see from the dis-
tribution that most of the frames were labeled in the first
and last phases of the jump, due to large body and ski parts
movements. During the flight, the position of the ski jumper
is much more stable, thus fewer annotations are needed to
achieve the satisfying performance of pose estimation.

Table 1: Distribution of annotated frames (detection) and
jumps (scoring) across jumping hills and train/test sets.

Ski jump hill Detection ∑ Scoring ∑
train test train test

big 679 116 795 50 30 80
small 868 98 966 50* + 50† 30* 130∑

1547 214 1761 100 + 50† 60 210
*Main competition data used for style scoring (Section 4.3)
†Additional data from Nordic combined discipline
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Figure 6: Distribution of annotations along the ski jump
and ski jump hill types. We divided the jump into 10 parts,
with specifically marked landing moment (averaged across
all the jumps).

We have also included additional information about the
competition, such as individual performances of the ski
jumpers using a unique FIS code, length of the jump, and
its associated style scores given by 5 judges.
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approximately 1 point lower. This clearly demonstrates that
our prototype system clearly benefits from the introduction
of additional data.

5. Conclusion
In this work we presented a prototype computer vision

system for automatic ski jump style scoring using the TV
video footage. We created and annotated the image dataset
that was used for training the deep learning model to detect
the body and ski parts throughout the video sequence. We
proposed a method to utilize the detected trajectories of the
body and ski parts locations, along with the detection con-
fidences, to build a model for predicting the ski jump style
scores. This presents the first such implementation in the
research community and broader.

Despite vaguely and subjectively defined judging rules,
we demonstrate that the proposed system successfully
learns a model, based solely on time-series data of the body
and ski parts locations and existing reference style scores,
which performs on par with real-world judges on our ex-
perimental data. We showed that the results significantly
improve when the training set increases. We experimented
with the data in the dataset containing 210 jumps that we
were able to collect and annotate. If a large-scale data were
available, including several hills, competitions, judges, etc.,
the reliability of the obtained results would even increase.

The system is built in a modular fashion, which en-
ables future development and integration of newer or better-
performing methods. It could also utilize 3D pose estima-
tion methods, or even 3D pose information obtained using a
professional dedicated camera setup, placed around the ski
jump hill, if available, to make the system more view-point
invariant.

The system would also benefit from a more granular
scoring information in terms of deduction points per differ-
ent jump stages, which are currently not publicly available.
This would enable learning the models of the individual
jump stages, thus increasing the amount of data available
and the robustness and accuracy of the system. This would
also enable improved explainability of the given score and
serve also as a training system for younger generations of
ski jumpers.
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Figure 9: Example output detection heatmaps of body and
ski parts for different images (columns). Body and ski parts
are presented in rows for the same image, wherein in the
case of symmetry, the right part of the limb or ski is first
presented.
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