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In many applications of human-computer interaction, a prediction of the human’s next
intended action is highly valuable. To control direction and orientation of the body when
walking towards a goal, a walking person relies on visual input obtained by eye and head
movements. The analysis of these parameters might allow us to infer the intended goal of
the walker. However, such a prediction of human locomotion intentions is a challenging
task, since interactions between these parameters are non-linear and highly dynamic.
We employed machine learning models to investigate if walk and gaze data can be used
for locomotor prediction. We collected training data for the models in a virtual reality
experiment in which 18 participants walked freely through a virtual environment while
performing various tasks (walking in a curve, avoiding obstacles and searching for a
target). The recorded position, orientation- and eye-tracking data was used to train an
LSTM model to predict the future position of the walker on two different time scales,
short-term predictions of 50 ms and long-term predictions of 2.5 seconds. The trained
LSTM model predicted free walking paths with a mean error of 5.14 mm for the short-
term prediction and 65.73 cm for the long-term prediction. We then investigated how
much the different features (direction and orientation of the head and body and direction
of gaze) contributed to the prediction quality. For short-term predictions, position was
the most important feature while orientation and gaze did not provide a substantial
benefit. In long-term predictions, gaze and orientation of the head and body provided
significant contributions. Gaze offered the greatest predictive utility in situations in which
participants were walking short distances or in which participants changed their walking
speed.

Keywords: LSTM; Virtual Reality; Eye Tracking; Locomotion; Path prediction; Machine
Learning; Gaze.

1. Introduction

When we see people walk, we can infer where they want to go from their current
trajectory [1]. This ability is used by animals and humans to avoid collisions in
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everyday life. The same task has to be solved technically for hardware that physi-
cally interacts with walking humans: The need to improve driver assistance systems
in cars has made accurate predictions of pedestrian walking behavior a necessity
[2] and the anticipation of human actions, such as walking, can also play a key
role in the development of assistive robots [3]. Prediction of locomotor intention
can also be used to expand highly immersive virtual reality (VR) applications, in
which complex environments can be explored by walking, which has been shown to
be perceived as natural and presence-enhancing by users [4] and also allows them
to acquire spatial knowledge about the virtual environment intuitively [5]. Vari-
ous predicting methods for future trajectories have been proposed in the past [e.g.
6, 7, 8]. A recent approach is the use of artificial neural networks, particularly recur-
rent neural networks (RNNs). RNNs share parameters over a data sequence instead
of treating every data point seperately. Thus, if a piece of information occurs at
a slightly different point in the sequence, it is not offset against the weights of a
completely different parameter. Therefore, RNNs have been used for the purpose
of human motion prediction in different contexts [e.g. 9, 10, 11, 12, 13]. A com-
mon RNN approach is Long Short-Term Memory network (LSTM). LSTMs were
first introduced by Hochreiter and Schmidhuber [14] and have already been used
to predict the user position after 1 second based on sequential position and ori-
entation data [15]. The same approach has also been used to create a controller
model for redirected walking [16], a technique in which the paths of VR users can
be imperceptibly manipulated to make maximum use of the given physical space
[17, 18, 19].

RNNs use the time series of features of an ongoing behavior to predict future
outcomes (labels). Relevant features for the prediction of walking behavior are pa-
rameters that need to be controlled during walking, notably the direction of walking
and the orientation of the body, and measures that correlate with the goal or way-
points that the walker intends to reach, like head and gaze direction.

1.1. Gaze Behavior During Walking

Gaze is linked to motor action because we need to move our eye to targets of interest
to collect the visual information we need for good action control [20]. Because eye
movements usually precede any other motor action [21, 22] they can be informative
for predicting action intention [23, 24, 25, 26]. Accordingly, walkers usually direct
their gaze towards a target immediately before approaching it [27, 28]. However, at
other points in time, gaze is also directed to obstacles. Walkers often look at the
ground in front a few steps ahead for safe placements of the feet, particularly in
uneven terrain [29, 30, 31, 32, 33]. Although this gaze behavior does not directly
identify the ultimate target, it nevertheless indicates waypoints that the walker will
use on a short timescale of the next few steps. Gaze behavior typically involves
not only the eyes but also the head. When looking at the ground in front, walkers
pitch their head downwards [34]. In addition, eye movements are linked to changes
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of direction [27]. When walking in a curve, for example, walkers typically direct
their gaze inward from the curve [35, 36]. Eye movements are also involved in
deciding between alternative targets [25, 37] and in searching for targets between
distractors [38]. Thus, eye movements during walking depend on task demands
[39]. In summary, although gaze contains useful information about future actions,
using this information to predict future locomotion behavior is a complex task.
Therefore, deep learning models could be helpful to reveal intentions and future
walking directions of users.

1.2. Prediction Methods

In the past, deep learning has already been used to predict eye-related parameters
such as pupil diameter and fixation targets [e.g. 40, 41, 42]. Typically, these analyses
were focusing on the analysis of the visual stimuli shown to users and thus either
used Convolutional Neural Network (CNN) [e.g. 43] or combinations of CNN and
RNN features [e.g. 44, 45, 46]. Cornia et al. [47] used the aforementioned LSTM
architecture to predict so-called saliency maps for specific points in time, estimat-
ing the most likely fixation targets of a subject. Instead of using environmental
information (such as the structure of the scene) for locomotion prediction, it is also
possible to create a prediction model based on egocentric subject behavior data,
to make the method more applicable. Because similar egocentric data can also be
collected using inside-out tracking, head-worn IMUs and head-worn eye trackers,
the prediction method can also be transferred to augmented reality scenarios.
Zank & Kunz [25] developed an algorithm using egocentric eye tracking to pre-
dict a walker’s choice between two locomotion targets. In their experiment, par-
ticipants were instructed to either freely choose one of the targets or to go to a
specified target. Then, different locomotion prediction models were evaluated that
used previous movements of the walkers to calculate probabilities for the two targets
based on either assumptions about human walking behavior [26, 48, 49] or graph
representations of the environment [7]. In narrow T-shaped corridors without open
space, models including eye data were able to provide accurate predictions earlier
than models without eye data. Later in a trial and in cases with open space, pre-
diction accuracy was overall higher and eye data provided no additional benefit.
Gandrud and Interrante [24] likewise used gaze data to predict a binary choice be-
tween two walking targets. The authors compared head direction, gaze direction
and the position relative to the midline of a virtual hallway to predict the walking
target. They concluded that head and gaze orientation had the potential to be use-
ful in predicting a person’s future direction of locomotion. However, both of these
studies only distinguished between binary walking decisions. Further scenarios with
less restrictions need to be evaluated to advance the use of behavioral measures for
locomotor predictions. Cho et al. [15] presented a preliminary study of implement-
ing a deep learning model for locomotion prediction in the context of redirected
walking. They used head position and orientation to train an LSTM model to pre-
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dict the user’s position 100 frames (about 1 second) into the future while the user
navigated a maze. They reported that the prediction worked well in two example
users. However, their model was limited to the pre-defined maze map they used and
did not include gaze data.

1.3. Aim of the Study

In the present study, we extend our previous work [50] to create a machine learning
locomotion path prediction model using VR position, orientation, and gaze data.
We added a full comparison of our best prediction model to sub-models that used
only parts of the feature sets (e.g. only gaze data, or only gaze and position data) in
order to obtain additional insight into the information needed to provide a valid lo-
comotion prediction. Moreover, we performed additional analysis of the dependence
of feature contributions on walking dynamics during either the input or the output
phases of the locomotion prediction algorithm. We were also interested in a compar-
ison of the use of these features for short-term (several frames) vs long-term (several
seconds) predictions and examined the influence of different feature combinations
on prediction performance. Short-term predictions are useful in VR to calculate the
most likely configuration of the body in the scene for the next couple of frames,
which can be useful to optimize resource allocation when streaming high-resolution
VR content [see 51]. Long-term predictions can be used to estimate the intention of
the actor and therefore could enhance applications such as collision-avoidance and
redirected walking.

2. Data Acquisition

Our data was obtained from a VR experiment in which 18 participants completed
a set of natural locomotion tasks which were designed to include typical behaviors,
such as searching for a target object, walking along a curve and avoiding obstacles.
To promote natural walking behavior participants were given verbal task instruc-
tions instead of defined walking paths. All raw data files are freely available from
https://osf.io/b43uv/.

2.1. Procedure

The virtual environment consisted of two rooms linked by a corridor. The first room
contained a target object, which the participant had to search for. This target
was placed among six identical looking distractors (see Figure la), so that the
participants had to perform a search by walking freely between the objects until
they found the target. The seven objects were always in the same position (but
randomly rotated) and the participants could use the controller to test whether
an object was a target. The result was signalled by a coloured light on top of the
object and by a sound. The distance between neighbouring objects was 2 meters.
For each trial and participant, we pseudo-randomised which of the seven objects
was the correct target.



January 15, 2022 10:46 WSPC/INSTRUCTION FILE output

Machine Learning Prediction of Locomotor Intention from Walking and Gaze Data 5

In the other room, the aim was to walk to a target while avoiding a possible
obstacle. This room had four different conditions: obstacle centered, obstacle 30 cm
to the left, obstacle 30 cm to the right and no obstacle. In that room, the participants
first positioned themselves in front of a red button. Pushing the button with the
controller made the button disappear, and the target and obstacle appear. The
distance between button and target was 4 meters. The obstacle was placed in the
middle between the button and the target (see Figure 1b). The participant then
walked to the target, avoiding the obstacle. The participant repeated this task four
times in each visit to this room, each time with new start positions, targets and
obstacles.

The participant changed between rooms by walking through a transition corridor
(see Figure 1c). The corridor followed a curve with a radius of 5.5 m. Participants
completed a total of 10 trials in each room. Thus, since the participants went back
and forth between the rooms, nine left curves and ten right curves were obtained
for each participant. The two rooms were mapped onto the same physical space
in an impossible spaces scenario [52]. Whenever the participant moved through the
transition corridor to the door on the other side, an entry to the room opened on the
other side and the interior changed. This was done for practical, not experiment-
related reasons.

During the experiment, all positional tracking data was Kalman filtered [53].
Before testing, participants were informed about the tasks and were instructed to
keep a natural pace. On average, participants needed 14 minutes to complete the
data collection experiment.

2.2. Participants

Eighteen participants (8 female) completed the experiment. Their age ranged from
20 to 47 years (M = 27,SD = 6.34). Participants gave informed written consent
and the experimental procedures were approved by the Ethics Committee of the
University of Muenster. Two authors participated in the experiment. All other ob-
servers were naive to the purpose of the experiment.

2.3. Materials

The virtual environment was presented in an HTC Vive Pro Eye HMD with a
resolution of 1440x1600 pixels per eye, a frame rate of 90 Hz and a field of view
of 110 degrees. Six Vive Lighthouses 2.0 were used to create a tracking area of
6x11 m. However, to prevent skewed ground planes resulting from signal loss at
the borders [54], the outer parts of the tracking area where rarely used during the
experiment. The virtual environment was built with Unity3D and was running on
an MSI GE63VR 7RF Raider notebook with an NVIDIA GTX1070 graphics card
in a backpack. This notebook was supplied with power via a cable hanging from the
ceiling. This cable was attached to a rail on the ceiling, which was programmed to
prevent the cable from colliding with the participants by moving the attachment.
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Fig. 1: The different rooms used in the VR data collection. (a) Search room. The room contained seven
posts (2 m apart from each other, five posts are visible in this figure) which the user had to inspect to
find the target among them. (b) Obstacle avoidance room. In this room the user had to walk from a
starting location (red button) to a target post (as in the room above) while avoiding an obstacle (chair).
The obstacle and the target were not visible at the beginning. Pushing the red button showed the target
and the obstacle. (c) Corridor (birds eye view). The corridor linked the search and obstacle avoidance
rooms. In the corridor the user had to walk along a curved path from one room to the other.

The rail was located above the center axis of the room (and also the virtual environ-
ment). A Vive tracker was attached to the backpack to measure body orientation,
while the tracker in the HMD measured head orientation. A Vive controller was
used as the input device. Throughout the experiment, positional and orientation
data from all trackers, as well as the gaze position obtained from the eye tracker in
the HMD, were recorded.

3. Prediction Model
3.1. Data Preparation

For the predictive models, the data was divided into 50-millisecond bins. At a
sampling rate just below 90Hz, one bin corresponded to about four frames in the
raw data. To form the models’ inputs, sequences containing the data at the current
timestamp (the time at which the prediction is calculated) and the data of some
immediately preceding timestamps were then constructed. The length of the input
was set to 2.5 seconds. With a resolution of 50 ms per sample point, this corresponds
to a sequence of 50 samples per input. To compensate for asymmetries in the spatial
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design of the experiment, every second sequence was mirrored on the XZ-plane.

Due to blinking and the nature of mobile eye trackers, the eye-tracking system
was the sensor most susceptible to missing values. To deal with blinks, a single miss-
ing value in the eye-tracking data was filled using linear extrapolation based on the
previous 3 frames. Data sequences with multiple subsequently missing values were
excluded. Additionally, data containing prolonged standing (e.g. at the beginning
of the experiment) in the HMD tracking data was excluded using a threshold of
0.15 m/s.

The positional data was output for both the HMD (X, Y,”, ZH) and the body
tracker (XP,Y,2, ZB). To reduce the complexity of the model, the Y-coordinate
(elevation) was removed by projecting the three-dimensional coordinate system of
the tracking area to a two-dimensional coordinate system (X7, ZP).

In addition to the position recordings from the room tracking, orientation data
provided by the inertial measuring units (IMU) was also included in the models. All
orientations are denoted as intrinsic Euler angles roll (@), pitch (0) and yaw (¥).
Both the orientation of the HMD (®, 0, W) and the orientation of the body
tracker (2,08, ¥B) were recorded.

Lastly, the outputs of the Vive Pro Eye’s integrated eye tracker were obtained
as yaw and pitch angles (¥F , ©F ).

3.1.1. Features

Seven features were selected for model training at each time point in the sequence:
the 2D head velocity (V,_;), yaw and pitch of the HMD (¥, ©F ) 2D gaze di-
rection (UF . ©F ) and the yaw angle of the body tracker (U ). The 2D velocity
\Z_i at each time point ¢t — i in the sequence was calculated relative to the previous
time point t —¢ — 1.

= by Tt 50ms
In this equation, the i represents the respective array index in the time sequence
on which the input is based. By using velocities, this feature is independent of the

coordinate system’s origin.

3.1.2. Labels

The direction vector F, from the current position at time t to the future position
at time t4+n was chosen as prediction target. To cover the different aspects of path
prediction, we specified two time intervals and evaluated both of them. The time
interval for the long-term prediction was set to 2.5 seconds, mirroring the input
length. Regarding the short-term prediction, we used the next step of the time
sequence (50 ms).

Fo= (B PP = (X[, - X[ 2, - 2] (2)
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3.1.3. Coordinate Systems

Even though ﬁt and ‘7,5 depend on the previous positions and are therefore inde-
pendent of the origin position of the coordinate system, both features and labels
are still in a coordinate system defined by the axes of the virtual environment. This
is undesirable, since it cannot be assumed that movements are distributed evenly
across directions. In fact, the environmental architecture is likely to produce cer-
tain movement patterns associated with certain directions (e.g. the curves in the
corridor). A major problem with models based on global coordinate systems like
this is a lack of transferability of the same motion patterns to other orientations
and positions. Therefore, it is necessary to use a relative coordinate system.

Since there is no reason to believe that a single input representation is appro-
priate for both long-term and short-term predictions, we evaluated two different
coordinate systems to be able to select the most suitable one for each time inter-
val. In the following, values in the new coordinate systems will be represented by
lowercase letters (e.g. v, 0).

Mean Head Orientation Reference System

First, we evaluated a coordinate system using the average head orientation of one
sequence as a reference angle.

!

= 1

‘I’f' -7 E ‘I'fl—z
i=1

!

~ 1

@fi -7 E @tH—i
i=1

In this equation, I refers to the total number of timestamps in the input. The
reference angles were identical for all steps in one time sequence and therefore
provided a stable coordinate system for each single input-output-pair. In the Mean
Head Orientation Reference System the features are expressed as:

(3)

Uil =i, - U
eﬁi = G)ﬁi - é?
7/151' = ‘I’E—i - \i/tR (4)
e =V + ol
07 =0, +06[,
Since the eye data is given in the coordinate system of the HMD, it can be offset
using the new HMD orientations. Finally, the velocities and labels were transferred
to the Mean Head Orientation Reference System by point rotations:
CHE COS(*‘I’E)Vt)—(i - sin(f@f)Vti

v = sin(— VY, + cos(— IV,

-1

()
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i = cos(=W)F —sin(=0{)F
7 =sin(—U)FX 4 cos(—U)F7

(6)

Translational Motion Reference System

In the second approach, the respective direction of movement of the previous step
was used as a dynamic reference angle. Accordingly, the last directions of movement
were then used as labels. This means that the original pitch angles were preserved.
Since the virtual environment’s global Y-axis refers to the gravity axis and not
to an arbitrary positioning, this is not a problem. In contrast to the Mean Head
Orientation References, the reference angle differed at each index.

WR = (Vi (?)) (7)
Labels and features were expressed as:
1/)151111 = ‘I'fl—z - \ij—i
eﬁi = 9£i
T/’F—i = \Pf—i - \Ilﬁi (8)
=+,
atEﬂ' = @Fﬂ' + egi

v = COS(_\I’ﬁi)Vgi - Sin(_‘l’ﬁi)vﬁi

v, = sin(=0 VX, + cos(—¥ )V,

(9)

fr= cos(f\Ilg_l)FtX — sin(*q’ﬁﬂFtZ
fi = sin(—‘l’ﬁrl)FtX + cos(—\I/ﬁl)FtZ
Both coordinate systems were used for models with all features. The coordinate

system resulting in the lowest error was then chosen and used for further variations
of the model (e.g. fewer features).

(10)

3.2. Model Properties

Our LSTM model had two layers of 64 hidden units each. The output of the second
LSTM layer went through a dropout layer (p = 0.3) [55] resulting in the final linear
dense layer with two outputs, one for each label coordinate. Figure 2 depicts this
architecture. In total, the model with all features had 51,586 trainable parameters
and used adam as the optimizer [56]. The learning rate was set to 0.003 and to
prevent overfitting, a weight decay of 1 x 10™* was applied. The model was trained
for 20 epochs using a batch size of 64 and the mean squared error between predicted
and label position as the loss function. Then the epoch with the lowest validation
error was selected. To obtain a single error value on the meter scale, the mean
displacement error (mde) between the true values (labels) and the predictions, i.e.
the Euclidean distances between the two-dimensional points, was calculated.
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Layer Output Size Sequence
1 2 3 ... 48 49 50
Input 7

il Vo 1 !
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LSTM 64 BB -Bee
il

Dropout (0.3)

n
]
]
1

Dense 2

Fig. 2: The model architecture. Seven features in 50 time steps enter the model. The circles represent
this input. The following 4 rows marked with squares form the 4 layers of the model. The final dense
layer outputs the prediction result.

3.2.1. Full-feature model and combination models

The full model included all seven features presented in the data preparation and
was used to determine the most appropriate coordinate system for both the long-
term and short-term analyses as it contained all the information. To evaluate the
contributions of individual features (gaze, position and orientation data) models
with different combinations of these features were evaluated.

3.2.2. Variants of the full-feature model

In order to obtain a more detailed picture, we also assessed variants of the full
long-term model. To assess the contribution of the specific characteristics of the
LSTM architecture, we also report a model that uses gated recurrent units (GRUs).
Introduced by Cho et al. [57], GRUs are another RNN variant that is similar to the
LSTM architecture but reduces the number of parameters. This leads to lower
computational costs. GRUs have been utilized in path prediction contexts [58].

To evaluate the possibility of a bidirectional LSTM achieving better results, we
tested that as well. Additionally, a widely used approach in sequential forecasting
is the prediction of an entire sequence. If sequential predictions were as accurate
as single-value predictions, a detailed path could be obtained in place of the future
position prediction. We evaluated this option as well by creating a variation of
the model that, with an otherwise equivalent architecture, predicts a sequence of
50 position vectors. The labels consisted of a series of vectors that, like v, , always
contained the information from one step to the next. The loss function was adjusted
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accordingly to form the mean squared error between the predicted path at step ¢
and the actual path. The learning rate was lowered to 0.001.

Furthermore, we also created a Bayesian version of the long-term prediction
model. Bayesian methods can be used in an attempt to account for uncertainty and
thus make more accurate predictions while at the same time calculating an error
associated with the specific prediction. In this approach, distributions of weight
parameters replace deterministic weights. Our Bayesian network was built with a
library by Esposito [59], which is based on the 'Bayes by Backprop’ approach intro-
duced by Blundell et al. [60]. The Kullback-Leibler divergence between the model
posterior and the observed posterior was added to the loss function. Apart from re-
placing the deterministic weights, the architecture of the model was kept the same.
The hyperparameters were also retained with the exception of the weight decay,
which had to be removed as it affects distributions differently than deterministic
weights. Standard normal distributions were used as prior distributions.

3.2.3. Benchmarks

Since this data had never been evaluated before, cross-validated benchmarks were
calculated as a reference. In addition to the mean value of the training data, we used
the most recent positions to create an extrapolation benchmark. Yet this comparison
is somewhat unfair, as the extrapolation is based on much less data. Therefore, we
gave the exact same data into a linear model, in which the time progression of the
seven features was flattened, i. e., for each of the 50 time steps, all seven features
were used as individual predictors. To evaluate our model, the mde of the best
LSTM model was compared to the best benchmark model.

3.3. FEwaluation
3.3.1. Cross-Validation

To avoid overlapping input sequences in the training and test set and to ensure
the transferability of a model to new data, cross-validation was implemented at
group level. In this process, leave-3-out-cross-validation was used. In each case, the
data of one participant was used as validation data and the data of the remaining
two as test data generating 6 variations of the model in total. This ensured that
the validation data, which was used to evaluate different hyper-parameters, did not
factor into the final results. Before training, features and labels were z-standardized.
To fit the scalers, only the training set was used while all data was adjusted with
these scalers.

3.3.2. Statistical Testing

Using this cross-validation approach, individual prediction errors were calculated
for each participant and test set. Moreover, to decide whether a model outper-
forms a reference model, a significance test provides more information than a mere
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comparison of average errors. Here we have firstly compared benchmark, GRU and
LSTM models and secondly compared the best LSTM model with models that only
include a subset of features.

The results of two cross-validated models are based on the exact same data.
Hence, the data is paired. Nadeau and Bengio [61] proposed a method to correct
for the fact that the individual results of the folds are not independent of one
another, since the training sets overlap. Therefore, we used the paired t-test with
the correction of Nadeau and Bengio [61]. It should be mentioned that the results
of these significance tests need to be treated with caution. Bouckaert and Frank [62]
raised concerns about the replicability of test methods like the one used here, which
depend on the partitioning of the data in the cross-validation process. The alpha
level was set to 0.05. The Benjamini-Hochberg correction [63] was applied to the p-
values of a single paragraph to avoid underestimation of the p-value due to multiple
testing . All tests were two-sided and the assumption of normally distributed data
was tested with a Shapiro-Wilk test [64] beforehand.

4. Results
4.1. Short-Term Predictions

For the short-term LSTM prediction the Translational Motion Reference System
gave a far better result with a mean displacement error of 5.16 millimeters on av-
erage (the absolute error was 2.91 mm; the squared error was 4.78 mm?) compared
to the Mean Head Orientation Reference System with 9.77 millimeters on average
(the absolute error was 5.95 mm; the squared error was 8.75 mm?). The former gave
a more accurate prediction for every participant. Thus, the Translational Motion
Reference System was used as the coordinate system for all short-term prediction
models and benchmarks. Using this method, 151,943 input-output pairs were ob-
tained. Results are presented in Table 1.

Table 1: 50ms prediction

Model

Architecture Features mde sd
LSTM all 5.16 mm 0.65 mm
LSTM position 4 orientation 5.14 mm 0.64 mm
LSTM position + gaze 5.17 mm 0.72 mm
LSTM orientation 4 gaze 9.36 mm 1.26 mm
LSTM position 5.29 mm 0.70 mm
LSTM orientation 9.57 mm 1.34 mm
LSTM gaze 10.28 mm  1.96 mm
Bidirectional LSTM all 5.28 mm 0.63 mm
GRU all 5.33 mm 0.64 mm
Linear Model all 6.14 mm 0.82 mm
Interpolation position 10.45 mm  1.91 mm

Mean - 16.51 mm  1.53 mm
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In 50 milliseconds, the observers traveled 3.59 cm on average. The training mde
was 5.17 millimeters for the full model. The mde of the full model, the model
using position and orientation and the model using position and gaze were almost
identical with 5.16 mm, 5.14 mm and 5.17 mm respectively. The mde of the model
only using positional data was also close with 5.29 mm. For the full model, the null
hypothesis that the data is normally distributed was rejected (W = 0.75,p = 0.02).
This was also true for the model using position and gaze (W = 0.73,p = 0.01).
Since the model with position and orientation data performed best, we compared
the other models to this one. The difference between the model using position
and gaze and the model using position and orientation failed to reach statistical
significance (¢(5) = —1.93,p = 0.11). However, a significant difference was achieved
when comparing the model with position and orientation data to the model using
orientation and gaze data (¢(5) = —9.22,p < 0.001), orientation data only (¢(5) =
—10.60,p < 0.001) and gaze data only (¢(5) = —6.13,p = 0.002).

All in all, the errors of the LSTM short-term models that used positional data
were quite similar. Models that only used gaze or orientation data, thus omitting
the position data, performed substantially worse with 10.28 mm and 9.57 mm re-
spectively and 9.36 mm for the combination of both.

Compared to all of the benchmark models, the LSTM models provided better
predictions for each test set and each participant. The difference between the best
LSTM model and the best benchmark model (linear model) reached statistical
significance (¢(5) = —8.73,p < 0.001). Nevertheless, the linear model was only one
millimeter worse than the LSTM on average.

Table 2: 2.5s prediction

Model

Architecture Features mde sd
LSTM all 65.73 cm 5.12 cm
LSTM position + gaze 66.71 cm 5.69 cm
LSTM position 4 orientation 67.56 cm 5.46 cm
LSTM gaze + orientation 78.05 cm 7.92 cm
LSTM gaze 78.19 cm 8.71 cm
LSTM position 78.38 cm 6.77 cm
LSTM orientation 81.07 cm 6.97 cm
GRU all 66.17 cm 6.01 cm
Bidirectional LSTM all 66.17 cm 4.83 cm
Sequence-to-Sequence LSTM all 77.65 cm 5.50 cm
Linear Model all 92.52 cm 8.09 cm
Interpolation position 131.09 cm  16.16 cm

Mean - 144.72 cm 14.65 cm
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4.2. Long-Term Predictions

For the long-term prediction, the Mean Head Orientation Reference System proved
superior with a mean displacement error of 65.73 centimeters on average (the abso-
lute error was 41.74 cm; the squared error was 55.90 cm?) compared to the Trans-
lational Motion Reference System with 68.85 centimeters (the absolute error was
43.87 cm; the squared error was 58.49 cm?). The Mean Head Orientation Reference
System gave a more accurate prediction for each participant. Thus, the Mean Head
Orientation Reference System was used as the coordinate system for all long-term
prediction models and benchmarks. Results are presented in Table 2.

The 50-sample input sequences and prediction labels formed 156,076 input-
output pairs in total. The participants traveled a mean distance of 165.28 cm per
output length of 2.5 seconds. The average walking speed was 0.72 m/s. For the full
model, the training mde was 58.82 cm.

The models using all features (mde = 65.73 cm), only position and gaze (mde =
66.71 cm), and only position and orientation (mde = 67.56 cm) were all very close in
performance. The model using only gaze and orientation data (mde = 78.05 cm) and
the models that used only one source of data performed worse (mde = 78.19 cm for
gaze, mde = 78.38 cm for position data and mde = 81.07 cm for orientation data).
A significant difference was achieved when comparing the full model with to the

—— Past Path - @ — Past Path
—— Future Path —— Future Path
@  Current Position ® Current Position
Future Position
Prediction (All Features)

Future Position
Prediction (All Features)

° °
* .
@ Prediction (Positional + IMU Features) @ Prediction (Positional + IMU Features)
A4 *

Prediction (Positional Features) Prediction (Positional Features)

(a) (b)

Fig. 3: Example paths taken by the user and prediction derives from the model. a: Tree paths where the
prediction error (all features) was above the 25 % quantile but below the 75 % quantile. b: Examples in
which the prediction failed. The prediction error (all features) was above the 75 % quantile.
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model using orientation and gaze (¢(5) = —8.87,p = 0.002), orientation data only
(t(5) = —7.48,p = 0.002), position data only (¢(5) = —6.99,p = 0.002) and gaze
data only (¢(5) = —5.78,p = 0.003). The difference between the errors of the full
model and the model using position and gaze data was not statistically significant
(t(5) = —1.56,p = 0.179). Although the difference between the model using position
and orientation data and the model and the full model that also used gaze data
reached statistical significance (¢(5) = —3.01, p = 0.036), it has to be noted that the
mde in the full model is only 2.78% smaller. Given the size of this difference, the
aforementioned caution in interpreting significance tests is particularly important
here.

Regarding the full model, the errors varied substantially. On average, the top 25
% of the prediction errors were over 89.82 c¢m, including the top 10 % over 127.41
cm. While the lowest 25 % of the prediction errors fell below 32.21cm, including the
lowest 10 % below 18.71cm on average ( see Figure 3 for examples).

4.3. Analysis of Feature Dependence on Locomotor Parameters

We next investigated whether the contribution of different features to the prediction
depended on the dynamics of locomotion. Figure 4a shows how the prediction error
varies with the distance that the participants walked during the 2.5 seconds of the
input sequence, i.e., the history of the walk. Overall, prediction quality was better for
longer distances, however, in a medium distance range of around 1.5 meters quality
dropped as a slightly larger error showed. This dependence on travel distance was
similar for all tested models and the general better performance of the full model,
the position and gaze model and the position and orientation model over the other
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80 801

70 704
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60| —— orientation
position

Features
—— orientation
position

Mean Error [cm]
Mean Error [cm]

60 4

— gaze — gaze
501 — ori. + gaze 50 —— ori. + gaze
—— pos. + ori. —— pos. + ori.
pos. + gaze pos. + gaze
401 — pos. + ori. + gaze 40 —— pos. + ori. + gaze
0 5'0 1(')0 150 260 250 300 0 5‘0 160 1%0 260 250 300

Distance traveled [cm] Distance traveled [cm]

(a) (b)

Fig. 4: a: The mdes of models using different sets of features as a function of the distance that the user
walked during the 2.5 seconds used as input data. b: The mdes of the different models as a function
of the distance that the user walked during the 2.5 seconds used as label data, i.e, the distance that
needed to be predicted. Line transparency indicates the number of observations that factored into this
data point.



January 15, 2022 10:46 WSPC/INSTRUCTION FILE output

16 G. Bremer & N. Stein, M. Lappe

100

100 4
90 4
90 1
80 1
80 1
701

704
Features
—— orientation
— gaze

Features
—— orientation

Mean Error [cm]
Mean Error [cm]

60 1

—— gaze 60 -

504 — ori. + gaze / —— ori. + gaze
position position
—— pos. + ori. 50 —— pos. + ori.
40 1 pos. + gaze - pos. + gaze
—— pos. + ori. + gaze 40 4 —— pos. + ori. + gaze
—06 -04 -02 00 02 04 06 -06 -04  -02 00 0.2 0.4 0.6

Acceleration [m/s?] Acceleration [m/s?]

(a) (b)

Fig. 5: The mdes of models using different sets of features as a function of the acceleration at which the
user moved during the 2.5 seconds used as input data in a) and during the 2.5 seconds used as label
data in b). Line transparency indicates the number of observations that factored into this data point.

models was preserved for all distances.

Figure 4b shows the dependence of the prediction error on the distance that the
participants walked during the 2.5 seconds of the output sequence. This graph thus
shows how the prediction quality varied with the to-be-predicted distance, i.e., the
distance of the walk that needed to be predicted. This Figure also illustrates that
performance was better for long distances and a particularly large error occurred
for medium distances. Similar to Figure 4a, the full model, the position and gaze
model and the position and orientation model maintained comparable performance
advantages over the other models at all distances. The model using only positional
information showed a large error at intermediate distances, suggesting that in this
range the inclusion of other features was particularly necessary. Regarding the value
of adding gaze data, we can compare the full model with the model that uses position
and orientation. Figure 4a shows that the error is the same for medium and long
distances, but for short distances the full model gives a lower prediction error.
Between a distance of 50 cm and 60 cm, the difference reached 9.33%.

Figure 5 shows how the prediction error varies with the acceleration contained in
the input (a) and output (b) sequences. Error is lowest, i.e. performance is best, for
input sequences that contain high accelerations and output sequences that contain
high decelerations. Together, this suggests that performance is best if the prediction
is taken at a velocity peak. Again, the full model, the position and gaze model and
the position and orientation model maintained their performance benefits over the
other models at all times. Regarding the value of adding gaze data, figure 5b shows
a small difference between the full model and the position and orientation model for
high decelerations. When comparing these two models, the error difference reached
up to 12.61% between -0.5 m/s? and -0.4 m/s>.
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4.4. Analysis of Model Variants

We also examined a number of variants of our model architecture to see whether
they might produce better performance or whether similar performance might be
produced with a simpler model. To examine whether a model with lower computa-
tional costs is sufficient for our task, we calculated a GRU model using all features.
Between the LSTM and GRU architectures, no significant difference was found
for either long-term predictions (t(5) = —0.73,p = .50) or short-term predictions
(t(5) = —1.13,p = .31). Thus, GRU, which is a somewhat simpler model, was quite
comparable in performance.

We also tested whether a bidirectional LSTM could outperform the regular
LSTM. This was not the case for either time interval. Since a bidirectional LSTM
has a more elaborate architecture, it does not add any value to our application,
unlike the GRU, which reduces costs.

Next, we evaluated a Bayesian model, which has the additional advantage that it
allows to estimate the uncertainty of a single prediction. When testing a Bayesian
LSTM model, ten predictions were sampled per input. Although the model per-
formed nominally better than the full model (65.19 cm), the improvement failed to
reach statistical significance (¢(5) = 0.81,p = 0.45).

We also looked at model predictions in a sequence-to-sequence approach. For
the sequence-to-sequence approach, 117,254 input-output pairs were obtained. At
77.65cm, the error at the last position was significantly larger compared to a model
only predicting the final position (¢(5) = —16.68,p < 0.001). Therefore, it is only
worthwhile to follow this approach if it is necessary to predict the output sequence
as a whole.

5. Discussion

We presented an extension of our previous work [50] on multiple trajectory pre-
diction models trained on locomotion data obtained in a free walking VR setup.
These models aim to predict the position where a walker intends to go based on
the immediate feature history of the walker’s position, orientation and gaze. We
evaluated the prediction quality of different model variants using different architec-
tures, timescales, coordinate systems and different sets of features. First, we will
summarize the prediction results from our models. Then, we will discuss the influ-
ence of features and the choice of coordinate system. Lastly, we will discuss possible
application scenarios for the prediction method.

5.1. Model Architecture

The prediction model with the lowest error was an LSTM model. Trained using
all available model features, it was able to provide successful predictions of future
positions and outperformed all of our benchmark models. This was especially notice-
able in long-term predictions (mde = 66 cm) of positions after 2.5s. For short-term
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predictions (mde = 5 mm) of the next 50 ms, the LSTM model outperformed our
benchmark models only slightly. However, in both cases the results of the full feature
GRU model indicate that a more efficient architecture with lower computational cost
might be sufficient. The Bayesian LSTM could not significantly outperform its de-
terministic counterpart. Thus, although the Bayesian model determined the average
over 10 independent runs, these multiple predictions did not improve the estimate.
However, if one is willing to accept the higher computational cost, the Bayesian
model is useful to obtain a simultaneous estimate of certainty in the prediction.

Using a sequence-to-sequence prediction was less successful. Naturally, the need
for 100 subsequent sample points without a missing value for this approach, lowered
the amount of available training data in comparison to the other models. Addition-
ally, the amount of data might have been further reduced slightly through short
tracking errors. These occurred rarely in some participants, although we did not
use the maximum size of the nominal tracking area of the Vive tracking system.
Using a higher amount of training data, a more sophisticated loss function, or a
more complex network architecture may allow an improved sequence-to-sequence
prediction, but were not further analyzed in this study.

5.2. Coordinate Systems for short-term and long-term predictions

We compared two types of coordinate systems, one based on mean head orienta-
tion, the other based on the current direction of motion. Our results showed that
the different coordinate systems were differently suited to the two prediction time
periods. The Mean Head Orientation Reference System led to better predictions for
the long-term prediction, while the Translational Motion Reference System achieved
lower errors in the short-term LSTM prediction. Although the underlying informa-
tion was equal in the two reference systems, since both used the same set of base
features, some transformations are necessary to transform the data from one coor-
dinate system to the other. A model with many interconnections and many layers
might learn such transformations and perform equally well independent of the coor-
dinate system. However, to prevent overfitting, creating an appropriate coordinate
system during preprocessing is a more effective approach. Based on our results, it
seems beneficial to use a motion-based reference when predicting positions for the
next few frames. A head orientation based reference seems better suited when es-
timating long-term positions. One explanation for these results might be that for
short-term prediction the motion direction of the user is basically constant and
changes only little. Thus, a reference system based on current motion will provide
only small deviations and hence allows efficient predictions. For long-term predic-
tions, motion directions are likely to change as the user turns within the room and
a reference system based on the orientation of the user is better suited.
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5.3. Contribution of Gaze, Orientation and Position Feature

Regarding the set of features of the 2.5 second prediction, the results showed that
models using a combination of position and gaze or position and orientation pro-
vided predictions of similar quality as the full model using all three features. This
suggests that either gaze or orientation data is an especially useful addition to the
positional data for the prediction. This fits with previous observations regarding the
relationship of head and trunk orientation during locomotion steering [65] and the
benefit of gaze data [25], particularly in situations in which participants interact
with the virtual environment during locomotion [66]. Notably, our findings indicate
that gaze offers the greatest predictive utility when predicting short walking dis-
tances (see Figure 4b), or decelerated movements (see Figure 5b). One reason for
this result could be that participants used their gaze to plan their foot placement
[see 33]. However, it is also possible that gaze data contained valid information
regarding stopping or search behavior at slow velocities.

The results in Figure 4 also showed that longer trajectories (beyond 1.5m) based
on a faster walking pace led to lower prediction errors. One explanation could be that
longer trajectories were less bent and therefore only the walking distance needed to
be estimated. To follow-up on this, we estimated path bending by dividing each path
into two segments of equal duration and determined the absolute angle between the
start and ending positions of each segment (0 degree for a straight path, higher
values for more bending). Indeed, for paths longer than 0.5 m, the distance traveled
in the labels correlates with bending at » = —0.442 on average.

5.4. Prediction Without Knowledge of the Environment

The features we used for our prediction models were features of the users’ locomotion
and orientation of the body and eyes. These are all egocentric features. Our feature
set did not contain information about the environment. While one might expect
that the addition of environmental features would improve the prediction ability of
our models, we purposefully restricted our analysis to the egocentric features since
we aimed to produce a system that can predict locomotion in any environment in a
general way. The different tasks (searching for a target, walking along a curve and
avoiding obstacles) were designed to include multiple typical, natural behaviors.
Since our model does not use the layout of the environment, it can be applied to
other VR and even non-VR environments (given accurate measurements of the input
features), e.g., augmented or extended reality, where environmental information is
difficult to obtain.

Due to the choice of tasks in our data set, certain movements are likely rep-
resented disproportionately. That might limit the transferability of the model to
other movement situations. This needs to be studied in more detail in the future.
Another focus of future work could be the addition of moving objects, such as
walking avatars, that would likely elicit distinct interactions with eye movements.
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5.5. Possible Applications

The low computation time of the finished models on current hardware allows their
usage in different online applications. For example, short-term prediction of the po-
sition of a user in the next couple of frames could be used to enhance techniques
that reduce the resolution or level of detail of streamed VR content [e.g. 51]. Long-
term locomotion prediction could be useful for immersive environments that allow
real walking. In these applications the method could be helpful for early detection
of potential collisions with other moving objects in the virtual environment. Fur-
thermore, it could be useful for optimizing redirected walking algorithms such as
[e.g. 16]. RDW controllers need to decide at any given time whether and how much
to redirect the user. Knowledge of where the user most likely intends to go can be
advantageous and speed up RDW controllers [67]. With a prediction error of 65.73
cm, the model is not exact, but an estimate accurate to the centimeter is not neces-
sary for redirected walking. It may be possible to achieve a more accurate prediction
in future models by applying a moving average to a time series of predictions while
walking.

A further interesting finding was that a model using only gaze data performed
quite well (mde 78.19 cm) even without position and movement data. Thus, it
seems to be possible to predict a users intended locomotor action directly from
observing gaze data. Such a prediction may be useful in human computer interfaces
for disabled persons, for example, to allow intuitive control of an assistive robot or
navigate an automated wheelchair.

6. Conclusion

We reported on deep learning prediction of a walker’s intended future position using
a sequence of prior position, orientation, and gaze data. We showed that a model
using the LSTM architecture can be used to predict walking paths in VR. Moreover,
our results suggest that gaze data provides an advantage for this task, especially
regarding short distances in long-term predictions.
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