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Abstract

Readily available pose estimation algorithms often require extensive
calibration methods for 3D pose estimation whereas 2D pose estima-
tion does not always capture all motion. At present, 3D pose estima-
tion approaches often require non-trivial deep learning methods and
there is a lack of sufficient 3D datasets. In this study, the feasibility
of integrating two different camera views of human locomotion using
DeepLabCut was investigated. A significant perspective difference in
most x-components was observed, while all y-components did not have
a significant perspective difference. This suggests that integrating 2D
pose estimation is not feasible using this approach.
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1 Introduction

Recent advances in video-based pose estimation have provided practical
frameworks for automating video-based analysis of human- and animal move-
ment [1, 2, 3, 4]. These markerless pose estimation software packages are
publicly available and can simplify the process of video-based gait analysis.
Previously, gait analysis could only be performed by manually annotating
body parts or using marker-based motion capture. Marker-based motion
capture is very accurate but it also has many disadvantages.

First of all, marker-based motion capture requires specific hardware, such
as reflective markers and infrared cameras, which are expensive. Addition-
ally, determining the correct amount of markers and their location is time-
consuming and hard to reproduce. A possible solution to the aforementioned
flaws of marker-based motion capture is the use of markerless pose estima-
tion.

Markerless pose estimation can speed up the process of capturing motion by
allowing movement to be analyzed outside of laboratories [5]. Nevertheless,
markerless pose estimation is still lacking in some cases. Namely, 2D pose
estimation often cannot detect the complete movement as it is a 2D view of
3D motion. Furthermore, 3D pose estimation often requires extensive cali-
bration that is not present in many datasets. However, integrating multiple
2D perspectives can aid in detecting complex movement. The aim of this
study is to find out whether 2D video integration is a feasible approach to
pose estimation of human locomotion, through the use of DeepLabCut.

DeepLabCut is a deep convolutional network which combines pretrained
ResNets with deconvolutional layers. The network consists of a variant of
ResNet, which was trained using transfer learning on the object recognition
benchmark called ImageNet [3, 6]. When using the DeepLabCut network
it is first trained on frames in which specific body parts are labeled. The
trained network can in turn analyze videos and predict labels on new videos.
The network outputs the labeled videos with the pixel coordinates and con-
fidence values of these labels.

DeepLabCut is available for free, and only requires a video capturing device
in addition to being applicable in out-of-lab environments. Furthermore,
DeepLabCut requires relatively little coding experience as there are many
great examples available on their repository. DeepLabCut is mostly used for
animal applications, but through its easy use it can aid clinical applications
as well as smaller research labs in analyzing human movement.

In this study, DeepLabCut was trained on videos of walking humans. These



videos were provided in the GPJATK dataset[7]. DeepLabCut analyzed
both perspectives and labeled them. Afterwards, both perspectives were
compared to each other to assess whether integrating 2D perspectives is a
feasible approach to 2D video-based pose estimation.

2 Methods

2.1 Dataset

I used the publicly available multi-view video and motion capture GPJATK
dataset of walking data sequences from 32 participants (10 women and 22
men) [7]. The dataset contains motion capture, gait and video data of walk-
ing sequences. The walking sequences were traversed in a straight line or
diagonally. Only a subset of this dataset has been used. Specifically, only
the videos showcasing left-to-right and right-to-left movements in a straight
line were used. Two trials per participant contained this movement. How-
ever, one participant did not participate in these two trials and in one trial
the participant abruptly stopped moving, turned their body and then re-
turned to walking. This resulted in the exclusion of these trials. Therefore,
I analyzed 61 trials with an average duration of 5.01 4+ 0.76 seconds.

The walking space was captured by four RGB cameras that recorded both
the sagittal plane views as well as the frontal plane views, which can be seen
in Figure 1. The videos of cameras C1 and C3 were used in this study. The
cameras recorded at 25 Hz with a 960x540 pixel resolution. The videos of
the cameras are all synchronized, so the videos of the different cameras have
the same duration and contain the same trial.
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Figure 1: Camera layout [7]

2.2 Training DeepLabCut

20 out of the 61 right-to-left walking sequence videos were randomly selected
and split into frames. DeepLabCut then randomly selects 10 of these frames.
In each of these frames, I labeled the neck, hip, knee, ankle, heel and the
center of the toes of the side of the body facing the camera. The labeled
data was then used to train the DeepLabCut network for 200.000 iterations.

2.3 DeepLabCut analysis

To integrate the two sagittal planes, the opposite views of the 61 right-to-
left data sequences were mirrored horizontally. This resulted in 122 videos
of right-to-left walking sequences, which were then analyzed and labeled by
the trained DeepLabCut network.

2.4 Post processing

As the movement in the data sequences is from right to left, I inverted the
coordinate system so that it has the origin in the bottom right corner of the
frame. This is done so that the x-values are increasing instead of decreasing
over time.

In the evaluated videos, DeepLabCut occasionally labeled the wrong limb.
The false positive rates for the knee, ankle, heel and toes are about 0.9%,



1.2%, 0.8% and 1.6% respectively. Most of these errors were detected au-
tomatically by discarding values above a certain margin and fixed through
inter- and extrapolation. Interpolation was done by first checking whether
the x-value of the current label point was different from the previous and
next frame by a certain margin and if so by changing the current point to
the average of the previous and next frame. Extrapolation was done by
first checking if the x-value of the current label point is different from the
previous point by a certain margin and if the x-value of the current label
point is close to the position of the other leg.

2.5 Gait cycles

To calculate the gait cycles, the x-component of the limb of interest is sub-
tracted by the x-component of the neck. The neck was chosen as ground
truth for the position of the body, as this label seemed to be the most con-
sistent body marker. Heel strikes and toe offs were then identified based
on the distance the ankle was from the body. One gait cycle is the move-
ment in between heel strikes from the same leg. These gait cycles were then
interpolated to the same size and averaged per trial.

2.6 Statistical analysis

I used a two-way repeated measures ANOVA to determine the difference
of the sagittal views for the neck, hips, knees, ankles, heels and toes. The
within-subject factors were time and perspective. This test was performed
per limb per dimension, resulting in 12 different tests. The level of signifi-
cance was set at 0.05.



3 Results

Figure 2 describes the following differences between perspectives in pixels
for every labeled body part, with the most notable difference being that of
the y-component of the neck. Table 1 illustrates the p-values, which were
also calculated by two-way repeated measures ANOVA with within-subject
factors time and perspective. The effect of time was significantly different
for each labeled body part and axis. The interaction of time and perspec-
tive was only significantly different for the x-axis of the hip. The effect of
perspective was significantly different for the x-axis of the ankle, toe, knee,
hip and neck.

Effect of perspective Effect of time

Body part F-value p-value Body part F-value p-value
x-value of ankle 4.487041 0.038304 x-value of ankle 3453.72 8.18e-124
y-value of ankle 0.000354 0.985057 y-value of ankle 902.65 5.38e-162
x-value of toe 6.231604 0.015314 x-value of toe 3831.51 9.43e-117
y-value of toe 0.024829 0.875323 y-value of toe 1273.57 2.87e-137
x-value of heel 3.033732 0.086675 x-value of heel 3529.13 3.40e-118
y-value of heel 0.268083 0.606524 y-value of heel 817.06 3.33e-131
x-value of knee 7.429682 0.008397 x-value of knee 1538.61 4.29e-148
y-value of knee 0.019486 0.889449 y-value of knee 341.31 2.73e-101
x-value of hip 4.077560 0.047930 x-value of hip 73.14 3.04e-45
y-value of hip 0.260430 0.611698 y-value of hip 13.75 9.88e-17
x-value of neck 5.124007 0.027226 x-value of neck 10389.02 2.22e-130
y-value of neck 0.027377 0.869139 y-value of neck 28.41 2.33e-28

Effects of within-subject factors

Body part F-value p-value
x-value of ankle 0.75 0.50
y-value of ankle 1.71 0.16
x-value of toe 0.88 0.44
y-value of toe 1.89 0.12
x-value of heel 0.57 0.62
y-value of heel 0.94 0.42
x-value of knee 0.63 0.59
y-value of knee 0.83 0.50
x-value of hip 2.74 0.01
y-value of hip 1.45 0.17
x-value of neck 0.79 0.48
y-value of neck 2.57 0.10

Table 1: Statistical test results
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Figure 2: Gait cycle perspective differences averaged across subjects



4 Discussion

In this study, I investigated the feasibility of integrating 2D pose estima-
tion using DeepLabCut. The results suggest that the workflow that was
used does not provide a feasible approach to integrating 2D pose estima-
tion. I found that there is a significant difference in perspectives for the
x-component of the ankle, toe, knee, hip and neck. However, there is no
significant difference in perspectives for the y-components of the ankle, toe,
heel, knee, hip and neck.

Furthermore, the effect of time was significantly different for every limb
and axis, which is not surprising since movement in a gait cycle is not con-
stant. Lastly, the interaction of time and perspective is only significantly for
the x-component of the hip. A possible reason for this is marker occlusion,
since the hands occasionally obstruct the hip label during a gait cycle. This
produces low confidence labels. From these results, the effect of perspec-
tives is the most relevant for investigating the feasibility of integrating two
camera views.

The effect of perspectives not being significant for the y-components of all
labeled body parts, suggests that a more extensive method can provide re-
sults that show a less significant difference for the x-components. Namely,
since the x-component of a labeled body part moves considerably more than
the y-component, it is more error prone. Improvements to the methodol-
ogy such as a better dataset, trained network or post processing procedure
could be used to try to label these x-components more accurately. For each
of these parts in the methodology there are several improvements that can
be made.

First of all, the dataset used RGB cameras that recorded at 25 Hz with
a 960x540 pixel resolution. Most modern smartphones record at 30 Hz with
a 1980x1080 pixel resolution, suggesting that the accuracy can improve us-
ing normal household devices since this would provide clearer images and
less sporadic movement. Furthermore, the walking space inside the labora-
tory was around 5 meters, resulting in only a couple of gait cycles per trial.
A larger walking space could provide more walking time, leading to a bet-
ter average gait cycle per trial. Moreover, the clothing of the participants
in some trials had too little contrast, resulting in the knee and hip marker
being difficult to place in some frames. Additionally, the pixel length of a
landmark which could be seen in the videos, was not consistent across videos
and perspectives, suggesting that the camera was slightly moved between
trials. This can also cause a difference between perspectives as the other
camera might be a couple of pixels off for the duration of the trial.
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Second of all, the DeepLabCut network was trained on 200 frames for
200.000 iterations. This could be improved as 200.000 is the suggested min-
imum number of iterations. Training for the maximum number of iterations
instead, namely 1.300.000, could provide better estimates of label positions.
Increasing the number of annotated frames could also improved the quality
of the generated labels, as 500 images should achieve less pixel error [4].

Finally, post processing could be improved. The detection of errors was
fully automatic and thus could not always find minor errors. The interpo-
lation and extrapolation also only used 2 samples to fill the error, resulting
in less accurate estimates. Moreover, the error detection was only done for
the x-component of all limbs. Thus, a more thorough automatic error de-
tection could also improve label estimates. Last of all, the neck label was
used as ground truth for the position of the body. Thus, differences between
perspectives of the neck label also translated to differences in the toe, heel,
ankle, knee and hip.

The many improvements that could be made on integrating 2D pose es-
timation suggest that the approach could prove to be feasible. Future work
could be done on the comparison of markerless integrated 2D pose esti-
mation and marker-based motion capture techniques. Moreover, creating
a custom neural network that can take both perspectives could also be a
feasible approach to integration, automating this process.
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5 Conclusion

I observed that integrating 2D pose estimation using DeepLabCut is not
feasible using this paper’s methodology. The effect of the perspectives is
significantly different for the x-components of the ankle, toe, knee, hip and
neck. However, the effect of the perspective was not significantly different for
any of the y-components of the ankle, toe, heel, knee, hip and neck. I have
identified and discussed attributes that might have influenced the accuracy
of the pose estimation and proposed solutions to these problems. I am
optimistic about the feasibility of integrating 2D perspectives for measuring
human locomotion and expect that these methods will continue to improve.
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