






a) Joint heat map b) PAF (Part Affinity Field) c) Failure due to over-fitting

Figure 4. From left to right: (a) example of a heatmap for the right wrist; (b) example of a PAF (Part Affinity Field) for the bone (right
shoulder, left elbow); (c) example of a failure due to over-fitting.

switched, indicating that the pose estimation failed.

3.2. Our annotated sports dataset

The original OpenPose network is trained is the publicly
available COCO dataset [15]. The COCO dataset consists
of a training dataset that contains 64115 images (includ-
ing human bodies with annotations) and a validation dataset
that contains 2693 images with annotations. In this dataset
(and other publicly available human datasets such as [2]),
complex poses such as people with the head upside down
and their annotations are rare. In this paper we introduce a
new human pose dataset specifically tailored to sports sce-
nario that contains many images of extreme poses common
in sports videos with precise ground truth annotations ob-
tained manually. We call this dataset the Kanoya dataset.

Our Kanoya dataset consists of multiple series of videos
of gymnasts performing acrobatic movements (see the sup-
plemental material for some examples). Each video consists
of 25 seconds of the athletes performing multiple move-
ments such as backflips. These videos were shot simul-
taneously from multiple directions (all cameras were cali-
brated and synchronized). As a consequence the estimated
2D poses can also be easily triangulated with the known
camera parameters to generate ground truth 3D poses (al-
though this is out of the scope of this paper). The videos
from the front and the back were divided into 750 frames
each (1500 frames in total), and 18 key points were anno-
tated for each frame using our own annotation tool (figure
3). Since OpenPose requires only 17 annotations (exclud-
ing the neck), we converted the annotations after correcting
them in the GUI. Of the 1500 annotations modified, 1200
were used for training and 300 for validation.

Pose annotation tool OpenPose often fails to estimate ex-
treme poses such as backflips and joints with occlusions.
Therefore, we have developed our own annotation tool to
correct such OpenPose estimation errors (figure 3). All that
is required to use our tool is to select the original images
and the JSON files that is the initial output of OpenPose.

We developed the tool in Python and so that we can eas-
ily modify the position of any wrongly estimated joint by
dragging it with the mouse. As other specific functions,
we can copy and paste a pose from other frame and undo.
As a consequence, our annotation tool allows us to quickly
and intuitively fix OpenPose errors and generate high qual-
ity ground truth annotations. We will make our annotation
tool publicly available upon acceptance

3.3. OpenPose Refinement on sports dataset

As shown in figure 1, we use the pre-trained weights
of OpenPose at initialisation and refine the weights in the
network using the Sports sports dataset introduced in the
previous section. We optimize the network by adjusting
the hyper-parameters based on the output loss information,
heatmap (figure 4 a)), PAF (Part Affinity Field) (figure 4 b))
and inference results.

3.4. Data augmentation method

By re-training OpenPose using the strategy described
above, pose estimation accuracy can be drastically im-
proved for the case of sports videos (head upside down
etc...). However, the drawback of this approach is that the
network over-fits the sports dataset and performance signif-
icantly degrades for standard poses (as shown in figure 4 c)
for example). To prevent the network to over-fit the Sports
dataset and maintain state-of-the-art performance on stan-
dard datasets, we propose to re-train OpenPose by combin-
ing both COCO and Sports datasets.

The straightforward strategy would be to simply mix the
COCO dataset and the Sports dataset and re-train OpenPose
on this combined dataset (we call this approach ”Mix”).
However, while the COCO dataset contains about 65000
images, the Sports dataset contains only 1500 images. The
number of raw data in our sports dataset is insufficient to
balance the number of image in the original dataset and
therefore the ”Mix” approach does not allow to learn ex-
treme poses.

To balance the two datasets, the solution is to perform
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Figure 5. Illustration of our proposed pre-rotation method

data augmentation. This means to generate synthetic anno-
tated images of sports video from the captured data. This
can be done by rotating the input images with various an-
gles. With data augmentation, we increase the number of
training data for sports scenarios, which allows us to re-
train OpenPose with a balanced dataset to achieve accurate
and robust pose estimation in various situations.

3.5. Pre-rotation method

We also propose an alternative approach that does not
require re-training of OpenPose or data augmentation. The
key idea here is to pre-process all input images before feed-
ing them to OpenPose so that the input images fit the dis-
tribution of the COCO dataset (i.e., the head is positioned
at the top of the image and the feet are positioned at the
bottom of the image). By doing so the original pre-trained
OpenPose network can be directly use as it is. This also al-
lows us to clearly evaluate the advantages of building new
datasets tailored for sports activity and data augmentation
technique.

Each input image is rotated several times with different
angles and fed to the (original) OpenPose network. The
difficulty here is that we do not know where are the feet

and the head, so we do not know the best rotation to correct
the image. Instead, we propose to try several rotations and
retain the best one according to the output confidence of
OpenPose. Namely, we rotate the images in eight directions
as input for OpenPose’s inference, and obtain eight output
results. We use the sum of the confidence scores of the key
points (which is one of the outputs of OpenPose) and select
the most appropriate one among the 8 as the final output.
Figure 5 illustrates the pipeline for our pre-rotation method.

4. Experiments
We perform both quantitative and qualitative compar-

ative experiments to evaluate the advantages of our pro-
posed method and the benefits of using our newly intro-
duced sports dataset.

4.1. Validation method

We used two test datasets for validation: the validation
set of COCO dataset and a subset of our newly introduced
sports dataset. First, we use the COCO dataset validation
dataset, which was used to validate the conventional train-
ing of OpenPose, and by using this dataset for validation
we confirm whether the accuracy of the original OpenPose
is maintained without over-fitting to extreme poses (such as
head upside down) after re-training. Second, we use our
proposed sports test data set, which consists of 81 images
and annotations extracted from a different video than the
one used for training. By using this dataset, we evaluate to
what extent OpenPose can estimate complex postures such
as those taken by athletes in acrobatic figures.

The AP score provided in the COCO dataset measures
the truth of Oks, which is a value indicating the degree of
association between the estimated value of the key point and
the true value. To compute the AP we use multiple thresh-
olds, and the integral of Precision and Recall with respect
to the ground truth. The AP score is the integral value of
Precision and Recall. For each threshold value, compar-
isons are generally made using three indices: AP50 is the
AP score for a threshold value of 0.5, AP75 is the AP score
for a threshold value of 0.75, and AP is the average of AP50,
AP55, AP60, ..., AP95. The AP scores were computed for
each test dataset and compared to each other to evaluate the
results. In the computation of Oks, the area of the human
part is required, but the COCO validation data set also holds
the annotation information of the area, while the sports data
set does not. Therefore, we computed the Oks by using the
value of half of the Bounding box as the person instead.
For this reason, we can not directly compare the AP scores
between the two test data sets.

4.2. Results

We compared six methods: the original OpenPose,
OpenPose re-trained using the sports dataset, OpenPose re-
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Figure 9. Qualitative comparison between results obtained by original OpenPose and our method on the COCO validation dataset
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Figure 10. Qualitative comparison between results obtained by original OpenPose and our method on on-the-wild images taken from
YouTube
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