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ABSTRACT
A user’s movement is one of the most important properties that
pertain to user experience in a virtual reality (VR) environment.
However, little research has focused on examining backward move-
ments. Inappropriate support of such movements could lead to
dizziness and disengagement in a VR program. In this paper, we
investigate the possibility of detecting forward and backward move-
ments from three different positions of the body (i.e., head, waist,
and feet) by conducting a user study. Our machine-learning model
yields the detection of forward and backward movements up to 93%
accuracy and shows slightly varying performances by the partic-
ipants. We detail the analysis of our model through the lenses of
body position, integration, and sampling rate.
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1 INTRODUCTION
The selection of a locomotion technique, which determines ways
to explore the virtual environment, is of utmost importance for the
usability of virtual reality (VR). Users expect that their movements
in the virtual environment should be similar (and sometimes iden-
tical) to those in the real world. If this is not properly supported by
the system, side effects such as cybersickness and dizziness could
occur [Mayor et al. 2019], and the overall user experience could
deteriorate.

Many previous studies have focused on reducing the gap be-
tween gait experience in VR and the real world, and supporting an
authentic gait experience. Techniques include full gait, partial gait,
and gait negation [Al Zayer et al. 2018]. Among them, Walking-in-
Place (WiP) is one of the partial gait techniques, in which a user
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Figure 1: Virtual environment for collectingmovement data.
By pressing or releasing the button on the controller, a user
can see the prompt on the screen and walk accordingly.

navigates a virtual space using leg motions while remaining sta-
tionary [Templeman et al. 1999]. It has been adopted in many VR
systems because of the limited availability of real-world tracked
space to present much larger virtual spaces.

However, little research has investigated backward movement in
WiP and detailed its application in various VR scenarios. When a
user is in a virtual environment, the user may encounter quite a few
situations that require backward movement because of unexpected
forward movement, the sudden appearance of objects or walls, or
VR content that requires frequent forward or backward movements
for certain interactions. If the backward step is the most natural
action that a user expects to take but this is not supported by the
VR system, the user may experience cybersickness, and the user
experience of the VR system could significantly decrease.

Based on such motivations, in this paper, we present our research
on tracking backward movement in the virtual environment. We
use three modalities of sensor data from the human body (i.e., head,
waist, and feet) to examine the feasibility of tracking backward
movement using machine learning. Our preliminary user study
results with five participants showed that the model yielded 93%
accuracy in predicting forward and backward movements when
all modalities were applied. The results also showed a variance in
the performance of model prediction by user (ranging from 89% to
99%). This supports the idea of developing a model tailored to each
user from a generalized model.

2 USER STUDY
The primary goal of the user study was to investigate the possibility
of detecting forward and backward movements. First, we measured
the influence of sensor types and their combinations on the perfor-
mance of the machine-learning model. This gave us information
about the utilization of the sensors to maximize the model perfor-
mance while also considering computation complexity. Second, we
investigated the feasibility of the use of the general model that
was developed from all participants’ data. By comparing the perfor-
mance of the individual models for each participant and the general
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Table 1: Results of model performance by participants.
Among several machine-learning algorithms, Random For-
est (RF) yielded the greatest performance for all cases. “All”
refers to themodel developed by the data of all participants.

P1 P2 P3 P4 P5 All
Head (HMD) 80.0 80.0 93.0 70.0 97.0 79.0
Waist 70.0 78.0 94.0 85.0 69.0 67.0
Feet 78.0 74.0 75.0 72.0 78.0 75.0
Head + Waist 84.0 86.0 97.0 88.0 99.0 86.0
Head + Feet 90.0 85.0 94.0 77.0 99.0 85.0
Waist + Feet 83.0 85.0 96.0 89.0 81.0 82.0
Head + Waist + Feet 93.0 90.0 98.0 90.0 99.0 93.0
Best algorithm RF RF RF RF RF RF

Table 2: Feature importance of the individual models. The
number indicates the rank. Cells with yellow, green, and red
indicate features of head, waist, and feet, respectively.

P1 P2 P3 P4 P5 All
1 Head_x Head_x Head_x Waist_z Head_x Head_x
2 Right_z Waist_x Waist_x Waist_x Head_z Head_z
3 Head_y Head_z Head_y Left_x Waist_z Waist_x
4 Left_x Right_x Head_z Head_y Right_y Left_x
5 Head_z Waist_y Waist_y Left_y Waist_x Head_y

model for all participants, we were able to discuss the direction of
model development. Lastly, we investigated model efficiency by
considering the sampling rates of the sensor data, which generated
different sizes of training datasets.

We recruited five participants for the user study. Figure 1-left
illustrates a virtual environment that we organized for data col-
lection. Participants were asked to wear a head-mounted display
(HMD), and a VIVE tracker was attached to the feet and waist,
as shown in Figure 1-right. Rotation data (six degrees of freedom:
±x, ±y, ±z) in the user’s virtual environment were collected from
the HMD and the VIVE trackers every 0.2 seconds. We asked the
participants to hold the VIVE controller and follow the message
(“move forward or backward”) on the screen. For example, if the
participant holds the trigger button of the controller, the participant
is asked to move forward. If the button is released, the participant
is asked to move backward. Through this, we were able to collect
sensor data that corresponded to forward or backward movements.
Participants were asked to walk forward and backward for a minute
each, as naturally as possible.

3 RESULTS
Table 1 shows differences in model performance by sensor modal-
ity. For each participant (P1–P5 columns), the model with the data
from all modalities yielded the highest accuracy (accuracy was used
because the data are balanced). The machine-learning algorithms
we used were KNN, SVM, Decision Tree, Random Forest, and Lo-
gistic Regression, and we used 5-fold cross validation. The Random
Forest model showed the highest performance in most cases. For
the general model (the “All” column), the Random Forest model
again showed the highest performance (93% accuracy).

Table 2 illustrates the influence of sensors on the model perfor-
mance based on the results of feature importance. Results indicate a
relatively smaller influence of the feet (red) and greater influence of
the head (yellow) and the waist (green). Based on the personalized
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Figure 2: Changes in accuracy by sampling rate. For the
model from all participants, the performance between 0.02
and 0.1 is the same (93% accuracy; 0.5 for 89%, 1.0 for 91%).
model results, we can see that the influence of the head and the
waist varied slightly by the participant. From the general model, on
the other hand, the influence of the head was found to be greater
than that of the waist.

Figure 2 represents the model performance by the sampling rate.
The labeled sensor data were collected at the 0.02-second interval,
and we also prepared the data for the 0.1-second, 0.5-second, and
1.0-second intervals by averaging the values for the corresponding
time frame. We then calculated the model performance for each
case. While the model performance varies by individuals, when
we look at the performance of the model from the “All” data, the
performance at 0.02 and 0.1 seconds was the same. Since a less
frequent sampling rate means smaller data size, we can develop a
more efficient model in terms of data size and training speed.

4 FUTUREWORK AND CONCLUSION
In this study, we investigated the possibility of applying the WiP
technique with forward or backward movements. From the user
study results, we confirmed the feasibility of developing personal-
ized models that predict a user’s forward and backward movements
as well as a general model that uses all participants’ data (93%
accuracy). We found that variations from the head or the waist
movements exhibit greater influence on the model performance
than the feet. We also identified a better sampling rate of data
collection for model efficiency.

Our next plan is to improve themodel by collectingmore samples
from more participants and by using other advanced machine- and
deep-learning algorithms, such as the ones that consider temporal
properties (recurrent neural network). With the improved model,
we will define various VR scenarios that involve backward move-
ments and conduct a user study not only to measure the validation
and application of our model but also to suggest design insights and
implications for better user experience in the virtual environment.
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