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2.2.1 Data set

We created our dataset from videos of swimmers in a swimming channel. The footage was taken at the JA7'15
in Leipzig, Germany, and covers all swimming styles with male and female adult and age group swimmers at
different stream velocities. We only collected footage of swimmers observed from a side view. Using footage at
various stream velocities is beneficial due to covering a wider range of the variations that occur in swimming.
For instance, faster streams produce more bubbles in the water, which results in noisier images and thus helps
the learning approach to better tolerate noise. In addition, the swimmer is forced to swim at different speeds,
which in turn will result in changes of how a stroke in executed as well as the level of motion noise generated by
the extremities. Noise in an image may substantially blur the silhouette of a swimmer, while at the same time
result in more edge information (from the churned water) when transformed to feature space. We assume that
the usage of noisier images in training as well as a larger variation in posture and body tense due to different
stream velocities will reflect on the detector’s robustness against noise.

All videos have a frame rate of 50 frames per second, and we manually annotated every swimmer with a
corresponding bounding box. The final training set consists of the images of ten cycles per swimming style which
results in about 3000 positive training images. We have added the same amount of negative images depicting
empty swimming channels, and another 4000 annotated positive and negative images for testing.

2.2.2 Data set partition

As described in the previous section 2.1, we want to detect characteristic poses within a cycle of each swimming
style. Therefore, each pose model has to be trained on these poses. Hence, we partition the training images for
each style according to different criteria, and for each partition a pose model specific to this partition will be
trained.

It might at first seem appropriate to train pose models for all possible poses within a cycle of a certain
swimming style. This, however, is impractical because it would result in a very large number of pose models
making the approach computationally infeasible. Moreover, each pose model should be invariant to changes
within the key pose, because different swimmers will most likely not feature identical poses. Therefore, selecting
only a single significant key pose for each swimming style is also discouraged. Under these aspects we partition a
cycle into several intervals and all consecutive images within an interval contribute to the same pose model and
therefore resemble the same key pose. Since the stroke rate measurements rely completely on the performance
of the pose models, it is crucial that these are trained properly. Therefore, care has to be taken to quantize the
cycles in an appropriate manner.

We first quantize all training cycles uniformly into eight consecutive subsets, following our intuition that too
many and equally too few pose models will decrease performance. The resulting subsets consist of 75 to 150
images each, depending on the velocity of the swimmer. Each subset contains poses that all contribute to the
same key pose that we later aim to detect by training a pose model. Figure 1 shows example images of all eight
intervals.

A closer inspection of the separated cycles and the trained models shows that such a simple quantization
might not be suitable for all swimming styles, and that one has to carefully partition the cycles with respect to
the swimming style. In order to evaluate the performance according to different training set quantizations, we
therefore introduce additional specific partitions for each swimming style.

Anti-symmetrical swimming styles: Since it is hard to distinguish the left and right body half if observed
from the side, we additionally quantize these cycles into only four uniformly distributed subsets that cover only
half of a cycle. That is, each subset contains similar poses of the left and right body halves.

Symmetrical swimming styles: For symmetrical swimming styles we observe that, especially for slower
swimmers, phases within the cycle often are longer than one eighth of a cycle, which results in more or less
similar poses for two consecutive subsets. This can be seen in the right hand side of Figure 1. For breaststroke
we thus additionally partition the training images into only four subsets. We adhere to the actual semantic
phases and create subsets for the outsweep, insweep, recovery and diving. Since butterfly doesn’t feature four
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