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Abstract

In this paper we discuss gesture recognition in the domain of Virtual Reality (VR) video games. We begin by presenting a
detailed review of the literature. Furthermore, we discuss some of the specific opportunities and challenges that are specific to
the VR domain. Most commercial VR devices come with tracked motion controllers as a default interface which facilitates the
possibility of gesture control. However, video games specifically require a high degree of accuracy to prevent non-gesture actions
being evaluated. To tackle this challenge we present a novel modification to the Hidden Markov Model gesture recognition
approach. We expand on previous work with gestures in with the implementation of an adaptive database system allowing users
to quickly engage with an application without significant training. Our results on a benchmark problem shows that the approach
can produce impressive accuracy rates. The results from our benchmarking shows promise for the usability of gesture based
interaction systems for VR devices in the future. Our system achieves high levels of recognition accuracy competitive with the
best performing existing system whilst requiring minimal user independent training.

CCS Concepts
• Human-centered computing → Virtual reality; • Software and its engineering → Interactive games;

1. Motivation

There is significant current research into how interaction in Vir-
tual Reality can be improved and made more immersive. These ap-
proaches range from complex custom devices [CJT*10; HWH*19]
to novel game experiences [AQSS16]. As the industry has moved
towards motion controllers as a standard interface there is the pos-
sibility that these controllers could be used to capture gesture mo-
tions as an input mechanism.

A significant challenge in gesture recognition is that of user inde-
pendent recognition [CAJ12; LZWV09] where different users can
use the same device. Several studies have compared user dependent
data and user independent data and results generally show a signifi-
cant decrease in accuracy for independent recognition. More recent
work [CAJ13; HYW*16] has achieved accuracies of around 90%
comfortably. However, the methodologies for these studies have
participants in an isolated environment when performing gestures.
However, within the context of a game, the user’s movements can
be confused by other actions leading to significantly lower recog-
nition accuracy.

Our motivation for this paper is to design an Adaptive Gesture
Recognition system for motion control interfaces that can be used
with a variety of consumer virtual reality devices. We will present
a detailed review of the literature, before presenting a proposed so-
lution.

2. Background

The Nintendo Wii brought motion controllers to commercial gam-
ing and with it the possibility of accelerometer based gestures in
games. One such example is Wiizards [KSL07] where users cast
spells by performing gestures using the Wii controllers (Wiimotes)
and a Hidden Markov Model (HMM) to classify the gesture. Their
work builds on that of Payne et al. [PKE*06] who, prior to the Wii’s
release, developed a similar game with a simpler gesture set. Both
works conclude that the use of gestures in games should be further
explored.

Since the release of the Wii, other platforms have supported ges-
ture control. For example, The Invoker [QS15] is a Role Playing
Game (RPG) that uses the Microsoft Kinect for its control input.

2.1. Gesture Recognition in Virtual Reality Games

Various control methods have been applied to Virtual Reality
throughout the history of the medium. Early application of ges-
tures in VR was demonstrated by Weissmann and Salomon with
their system using a data glove [WS99]. Their work achieved good
recognition accuracy using a neural network to connect the data
points on the glove and recognise several static hand poses.

Image processing has been a popular approach to gesture recog-
nition in recent years. Cabral et al. [CMZ05] demonstrated the use
of a rudimentary image processing gesture system to allow users to
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interact with a Powerwall. This work was further enhanced by Liu
et al. [LYZ12] who developed a system that was capable of tracking
and recognising 3 different hand gestures using image processing.

John et al. [JPD*17; HDR*16] present a VR wheelchair training
environment. A Leap-Motion motion capture device is used to map
the users hand’s into the environment. This allows the user to per-
form gestures in the space and operate controls (such as elevator
control panels).

There have also been games developed that have taken this ap-
proach. The experimental game ‘Duke’ combines the Oculus Rift
with both the leap motion and the Kinect [AQSS16]. It leverages
the Kinect for movement by tracking the user’s legs and the leap
motion for combat controls by tracking the user’s hands. A work in
progress game from Lee et al. [LPLK17] is developing a data glove
that can be used in the place of the motion controllers for VR. They
propose the use of gestures with the glove instead of button presses
with a controller; the given example is clutching a sword by mak-
ing a fist with the glove compared to pressing and holding a button
on the controller.

3. Gesture Recognition Approaches

Outside of Virtual Reality, Gesture recognition has become a com-
mon mode of human-computer interaction largely due to devel-
opments in mobile computing and image processing technologies.
Gesture recognition is changing to the way that we interact with
many of our devices including smartphones, wearables, and gam-
ing consoles [GP14]. Due to its widespread use, a large number of
techniques have been developed that can be used in the classifica-
tion and recognition of gestures.

In the following sub-sections we provide a brief review of the
algorithms most commonly discussed in the literature. We identify
from our research that a Hidden Markov Model (HMM) is the most
appropriate algorithm for our recognition due to its reliability and
accuracy with accelerometer systems as well as its proven use in
games.

3.1. Dynamic Time Warping

The DTW algorithm works by calculating the distance between
each possible pair of points between two signals and uses the dis-
tances to calculate a cumulative distance matrix [Sen08]. It then
finds the least expensive path through this matrix. It usually features
normalised signals and only one-dimensional series [RA15]. DTW
techniques can achieve high accuracy results [AV10; LZWV09]
with minimal training sets but their accuracies are affected by am-
plitude variation [HYW*16] which is often an issue when dealing
with accelerometer data due to tilt [AV10].

Improvements have been made to the accuracies of DTW in
recognition on Kinect data by using feature weighting [RDE11]
which was further explored and improved by [CATA13]. Lu et
al. [LCL*14] show a DTW algorithm achieving working with a set
of 19 gestures. The system does have lower accuracies than others
in the field but its fast computation time on a low power device is
impressive considering the larger gesture set.

3.2. Support Vector Machines

A Support Vector Machine (SVM) works by separating the
data classes into hyperplanes in a high dimensional space. It
then finds classifications from unseen instances in the hyper-
planes [Bur98]. SVMs are known to provide great classifica-
tion performance [WPZQ09] with low run time computational
costs [HYW*16]. However SVMs are usually used for static
gesture recognition and also require large amounts of training
time [RA15] with large data-sets containing high class feature
counts to gain greater accuracy [HYW*16].

Wu considers the performance of an SVM using temporal data
with an accelerometer and shows it achieving high accuracy rates
in user dependent and independent cases [WPZQ09], however the
system uses data sets in the thousands for training. He uses feature
fusion to achieve high accuracy results with mobile accelerome-
ters [He11].

3.3. Neural Networks

Time delay neural networks (TDNNs) have been widely used for
the detection of 2D motion trajectories [WA99; YAT02] as well
as the segmentation of video data based on skin colour recog-
nition [SSA03]. TDNNs are multi-layer networks that slide over
small windows of data in a temporal domain making local de-
cisions; this allows for them to be used in continuous recogni-
tion. [PS15; RA15].

Multi-Layer Perceptron (MLP) [RHW88] models can be used
to distinguish between non-linearly separable data [APF12]. They
are also used in the recognition of accelerometer based gestures for
culturally specific interactions [RBA08] where they achieve com-
parable accuracy results in user dependent cases.

3.4. Linear Classifiers

The Adaboost algorithm is a machine learning meta-
algorithm [FS95] that is used as the base recognition system
in the Kinect [Mic14]. The Adaboost algorithm can be used to
combine multiple classifiers in order to create a blended clas-
sifier that can achieve impressive results [CGP07]. However in
comparison to other recognition methods it has been seen to be
less accurate [HVL10]. Hoffman et al. go on to discuss how this
result was unexpected due to the sophistication of the classifier
and show a linear classifier based on Rubine’s method [Rub91]
outperforming the Adaboost classifier. Lu et al. [LCL*14] also
demonstrated how a Bayes linear classifier can be used in the
calculation of smaller gestures on a mobile accelerometer device.

3.5. Hidden-Markov-Models

Hidden Markov models are doubly stochastic processes that are
governed by an underlying Markov chain with a finite number of
states where each state is associated with a set of random functions.
The model represents a number of states that move through series
of time steps. Each state can be described by its transition proba-
bility and its output probability. At each time step the sequence can
either output the value from its alphabet associated with the current
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state or transition to the next state. Previous to its role in gesture
recognition the HMM was applied to speech recognition [Rab89].

It was then introduced as a method for gesture recogni-
tion [YX94] where it was used to recognise the numbers 0 to 9,
drawn in 2D with mouse input, with remarkable accuracies of up
to 99.78%. Following this, vision based gesture recognition was
achieved on the American Sign Language [SP96]. They noted some
important findings in that often with continuous detection, gestures
would frequently double up if the path was of a certain manner.
Numbers and letters from the English sign language were recog-
nised in [RAM09] using a HMM to recognise trajectory data and
an SVM for the recognition of hand postures. Their high accura-
cies highlight the strengths of both recognition methods and give
a good example of how they can be used in tandem. Premaratne et
al. [PYVI17] recognise 16 letters from the English Language. They
implement an initial segmentation using direction from origin to
categorise gestures into 5 groups based off the stroke directions of:
up, down, left, right, and general diagonal. Their system achieves
good accuracy and provides the benefit of lowering computation
times.

In 2004 the XWand [WW04] introduced the idea of physical
UI devices being used for gesture recognition using data from ac-
celerometers. The XWand was tested using: a Linear Time warping
recognition method; a Dynamic Time Warping method and a HMM
system. The HMM approach outperformed the other two systems
by a significant factor. Following this further proof of HMM work-
ing with accelerometer data was presented in both [MKKK04]
and [KKM*06]. They introduced a method of training using noise
models to produce variations of a single gesture sequence that could
then build a user dependent database. Mantyjarvi et al. [MKKK04]
prove that when using vector quantization on the accelerometer
data with the k-means algorithm a value of k being 8 is best for
2D data. Kela et al. [KKM*06] showed that there was user inter-
est in gesture control for home electronic devices and established a
competent 3D accelerometer system to recognise them.

HMMs were proven to work successfully with the user depen-
dent accelerometer data recorded from the Nintendo Wiimote [08]
with user trained data sets. Schlomer et al. [08] follows Manty-
jarvi’s work on quantization finding k=14 to be suitable for 3D ac-
celerometer data. Further work [CAJ13] achieves near perfect ac-
curacy results for explicit recognition of gestures in user dependent
and independent testing, once again using a Wiimote. Their work
consists of a larger degree of gestures. Criticisms have however
been made to their findings as they only use gestures “confined to
a 2D planar motion” [Ars14]. Where Arsenault’s [Ars14] findings
show strong accuracy results for his self defined complex gestures,
the set size is much lower than both the gesture sets used by Chen
et al. [CAJ13]. In recent work Whitehead [Whi18] demonstrates
significant accuracy on a wearable accelerometer for a game appli-
cation. They translate the 3D accelerometer data into a single data
string using a cubic bisection method to outline positions. They
consider how users have a desire to improve their use of the sys-
tem therefore wanting to learn the gestures and how this matches
a game environment where users generally strive for improvement.
Interestingly for the context of game use they notice that often the

accuracy rates are highly user dependent depending on the skill and
memory of the user.

3.6. Continuous Recognition

The majority of previously discussed gesture recognition systems
have the user dictate when a gesture starts and sometimes when
it ends as well. This allows for easy segmentation and extraction
of the gesture data but has been said to be less natural and user
friendly [RLNS10].

In early works Jung-Bae et al. present a system that is capable of
continuously recognising 18 words in Korean sign language sen-
tences making use of a HMM for classification [KPBB02]. They
use changes in angle of trajectory to separate the data into different
HMMs allowing for complex symbols to be recognised using sim-
ple individual gestures. They then use a difference in the speed of
the hand to detect the start and end of words. The Zero-Codeword
Detection System uses a similar system to separate the recogni-
tion of different numbers [EAAM08]. The system uses a minimum
number of pixels per frame to calculate the static velocity and uses
a minimum threshold on this value to determine the start and end
of gestures.

Raffa et al. [RLNS10] show a system that is capable of achiev-
ing continuous accuracy results that are equal to explicit ones. They
achieve this on low budget hardware using accelerometers and dis-
cuss how it has the ability to save battery life on devices using
their HMM garbage model which works by discarding many non
valid gestures before they reach the intensive computational stage
of recognition within the HMM.

Several recent works explore the possibility of using neural net-
works to tackle continuous recognition of the ChaLearn [WLZ*16]
data set which contains 47933 examples of 249 different ges-
tures [WSHC16; CHKB17; CLY*17]. While the accuracies of
these works are not in the same range as many smaller scale recog-
nition systems they provide strong grounding for how large scale
continuous recognition could be solved in the future.

4. Adaptive Database HMM

It has been considered previously that gesture recognition systems
should be "flexible and expandable in order to maximise efficiency,
accuracy and understandability." [RA15]. With this in mind we pro-
pose a method that adapts an independent database as users inter-
act with the system. This approach was first theorised by Kratz et
al [KSL07]. In this section we detail the program design and im-
plementation of our gesture recognition system.

4.1. Motion Tracking

We are using the touch controllers that come with the Ocu-
lus Rift headset. These controllers are intuitive, and allow for
micro-gestures (such as opening and closing of a hand) which
are commonly used in games for actions including user locomo-
tion [AH18]. The touch controllers give us access to a large amount
of motion data. Unlike many present accelerometer systems or con-
ventional 2D image processing the rift motion controllers are closer
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Figure 1: The Oculus Rift and wireless motion controllers in use.

to a depth camera system like the Kinect (see figure 4.1). However,
while the Kinect has data for everything in frame we are limited
to the three points of motion, namely the head and hands of our
users. Due to the direct mapping of movements into 3D space we
can extrapolate position and orientation from which we can derive
acceleration and velocity for both.

To track motion we attach a listener to both touch controllers,
which mimic all their transformations. These listeners are attached
to the players headset as a child object meaning that their positions
are relative to the headset’s current position and orientation. To ex-
trapolate the data from the listeners we poll their transform data
during the fixed update loop within unity. The position and rotation
are both extracted as vectors using their Euler values for rotation.
These values are passed through to the recogniser and stored in
lists. When being parsed for either storage or recognition these val-
ues are separated into arrays of double values so that they can be
passed into the HMM.

4.2. Two-handed Classification

For the purpose of testing we will only consider gestures that use
one hand. We hope that in only using one hand to record the ges-
tures it prevents users from being overwhelmed by the gestures.
However, it is worth noting that in theory both hands could be used
in the system.

However, we do consider the use for two handed gestures in the

future. The system is designed in such a way that the number of in-
puts could simply be increased to include another hand. An alterna-
tive method could be the use of another system in parallel that per-
forms individual classification on each hand. There is much room
for exploration here with varying thresholds and system configura-
tions. As for teaching users to use the system the application could
be structured such that users are first introduced to single handed
gestures and then later shown two handed gestures. The two handed
gestures could also be designed in a fashion where their uses are
related to the single handed gestures that they incorporate so as to
keep the motions related for the user.

4.3. HMM Topology

The topology of a HMM consists of several variables that are used
to determine the way in which the HMM interpolates data, along
with the algorithms that the HMM uses in the training and clas-
sification of said data. For our system we use the HMM from the
Accord.NET machine learning library as it is written primarily in
C] and therefore can be easily integrated into Unity3d projects.

Motion gestures are “order-constrained time-evolving” signals
therefore the left-right HMM topology is most often considered to
be the most appropriate [MKKK04; CAJ13]. Although there have
been publications that argue that there is no difference between
ergodic and left-right topologies [HHH98; 08] we will be using
left-right as it stands as the most commonly used in modern HMM
gesture recognition systems. The Baum-Welch algorithm is used
to train model parameters and the forward algorithm is used in the
probabilistic evaluations [BP66]. Schlomer et al. find that the num-
ber of states in the HMM has very little impact on the accuracy
of the model after a certain threshold [08]. We confirm this in our
testing and settle on 7 states. No minimum matching threshold is
applied to the classification of gestures.

4.4. Database Adaption

One of the challenges that we aim to address in this work is
that of improving user independent recognition rates. Our pro-
posed method makes use of database adaption where the original
user independent data is subsidised by user data throughout the
game. This solution was found after considering proposed methods
from [KSL07]. There are several approaches that can be adopted
these include expanding the database, overwriting the database,
overwriting and then shrinking the database, and expanding and
shrinking the database. The implementation of these systems are
relatively simple. When a new gesture is recorded we either add it
to the database or we find an element with the same key as it and
then remove that element before adding the new one.

One decision that must be made here is when to update the
database. Simply adding a gesture when it comes out of the HMM
runs the risk of adding a false positive to the database. This can
be countered by having a form of user validation where they must
confirm that the gesture recognised was correct.

5. Method

In the body of literature there are a number of methods used to
evaluate gesture recognition systems. The most commonly adopted
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Figure 2: The military command gestures [militarygestures]. From left to right, follow, rush, sneak, cease firing, start and firing.

approach involves taking average accuracy results across all ges-
tures, using a testing dataset. In this approache a large dataset is
collected, and split, with half being used for training, and the other
half used for testing.

We decided to use two gesture sets to evaluate the Adaptive
Database HMM. The first dataset we used was numbers from 0
to 9. Numbers are commonly used in gesture recognition testing
as they are distinct patters that users will be familiar with. We use
this as our first benchmark to allow our work to be better compared
with the body of literature.

The second gesture set that we chose to use were military ges-
tures. The long-term goal of this project is to implement our system
into a first-person shooter video game. For this reason, we decided
to use military gestures as they can be directly applied to this use-
case. Specifically, we want the player to be able to communicate
with and command other characters in the game using gestures.
Another benefit of using military gestures is that their usability and
clarity has been extensively tested in high-pressure environments.
The selected gestures from the military database are detailed in fig-
ure .1.

6. System Testing and Results

Following the completion of the core of the system we begin batch
testing with a number of independent variables. The variables we
consider are the number of points trained along each gesture and
the number of instances of each gesture in the database.

For this test, we used the numbers from 0 to 9 to test our system.
Numbers are commonly used characters in gesture recognition, so
they made a good candidate for evaluation. For this initial testing
an individual who was comfortable with motion in VR recorded a
set of 50 instances for each number from 0 to 9. These gestures
were then split between a training set, and a testing set. The results
of this data are seen in table 1. For each number 25 gestures were
tested against the HMM leaving a possible total of 250 gestures to
recognise.

The results of the initial testing show that the recognition system

Table 1: Accuracy rates for user dependent database. Top axis de-
fines number of states in the HMM and left axis defines the size of
the training database.

1 2 3 4 5 6 7
1 36% 46% 54% 56% 54% 60% 58%
2 44% 50% 64% 66% 70% 68% 70%
3 48% 54% 64.8% 68% 74% 76.4% 76%
4 50% 54.8% 66% 72% 76.4% 80% 80.8%
5 58% 64% 72% 78.4% 82.8% 86.4% 88%
6 64% 68.4% 74.8% 80.4% 83.6% 88.4% 90%
7 66% 69.2% 75.6% 82.8% 88.8% 89.6% 92%
8 66.4% 71.2% 76.4% 83.6% 88.8% 91.2% 94.4%
9 66.4% 72.4% 77.2% 85.6% 89.6% 92.4% 95.6%

10 66.8% 73.6% 80.8% 88% 90.4% 94.4% 96.4%
11 67.2% 75.2% 81.6% 89.2% 90.8% 94.8% 96.8%
12 66.8% 76.4% 83.2% 92% 93.2% 95.2% 97.2%
13 66.4% 77.2% 83.6% 93.6% 92.4% 95.6% 97.6%
14 67.2% 77.6% 83.6% 93.6% 93.6% 95.6% 97.6%
15 67.6% 77.6% 85.6% 93.6% 93.6% 96.4% 98%
16 66.8% 78% 86.8% 94.4% 94.4% 98% 98.4%
17 68% 77.6% 88% 95.2% 95.6% 98.4% 98.4%
18 67.6% 78.4% 88.4% 96.4% 97.2% 98.4% 98.4%
19 67.2% 78.4% 88.8% 96.8% 98% 99.2% 98.8%
20 67.6% 78.8% 88.8% 96.8% 98.4% 99.2% 99.2%

performs very well with 7 states. The states show to have a signif-
icant impact at the lower numbers which we believe is due to the
similarity of the path data of several of the gestures. Since all the
numbers were drawn in roughly the same z plane with a low num-
ber of state it is likely that many number shared the same location
for some states. This matches the findings from our later results
when testing military gestures in table 2.

We also find from these results that after a database size of 10 the
increase in accuracy becomes very steady with small improvements
coming from every few extra gestures in the set. This allows us to
consider a database size of around 10 for use in the studies which
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allows for very fast training times and means that modifications
made using the adaptive database could have a larger impact.

6.1. Testing Military Gestures

To test the military command gestures we followed the same test-
ing methodology as the numbers, notably creating a data-set and
splitting this into a training set and a testing set.

One notable thing that can be seen from the initial testing is
that accuracy results in Table 2 with very few states can manage to
achieve relatively strong accuracy. We believe this to be due to the
fact that our gestures all take place in fairly distinct positions there-
fore meaning that segmentation based on one step gives a strong
indication of the gesture that is about to be performed. Thus, with
relatively few steps we can can observe moderately distinct results;
especially within only a single user test environment. This is con-
sistent through all database sizes and even sees usable accuracy
results with only one state. We do not consider this the best for
practical use as once user independent use is introduced this may
begin to vary. We can see that after size 6 the accuracy results seem
to stabilise over 90% and after size 10 they begin to incrementally
increase at a generally stable rate of 0.4% (or one gesture) for every
subsequent size increase.

The main difference in these accuracies when compared with
previous tests using the numbers is that they achieve much higher
recognition rates at the lower level. This demonstrates how systems
can be optimised by using gestures that are well designed to be
used together. The key here is that each gesture should aim to be
different from the others in the metric that is being used for motion
detection. For ours it is having them in differing positions but using
an accelerometer based system this could be related to both speed
and motion of the gesture.

Table 2: Accuracy rates for initial single user database.

1 2 3 4 5 6 7
1 82 72 54 54 54 52 48
2 80 84 86 84 80 80 80
3 86 84 84 84 86 86 86
4 82 82 84 84 88 90 90
5 88 90 92 92 92 92 94
6 92 92 92 94 94 94 94
7 93.6 94 94 94 94 94 94
8 94 94 94.4 94.4 94 94.4 94.4
9 94.4 94.4 94.4 95.6 95.6 95.6 95.6

10 96 96.4 96 96 96.4 96.4 96.4
11 96.4 96.4 96.8 96.8 96.8 96.8 96.8
12 97.2 97.2 97.2 97.2 97.2 97.2 97.2
13 97.2 97.2 97.6 97.6 97.6 97.6 97.6
14 97.2 97.2 97.6 97.6 97.6 97.6 97.6
15 97.6 97.6 97.6 97.6 97.6 97.6 98
16 98 98 98 98 98 98 98.4
17 98 98 98 98 98 98.4 98.4
18 98.4 98.4 98.4 98.4 98.4 98.4 98.4
19 98.4 98.4 98.8 98.8 98.8 99.2 98.8
20 98.8 98.8 98.8 98.8 99.2 99.2 99.2

7. Conclusion

This paper presents a gesture recognition system designed to work
with modern VR devices whilst also being flexible in its design
to allow for development in the future. We discuss the approach
of combining a Hidden Markov Model (HMM) recognition algo-
rithm with an adaptive database to allow it to be biased towards
specific users. Allowing a user-independent system to be made
semi user-dependent over time. This allows for higher accuracies
with reduced training. We conclude by testing our system against
two benchmarks, notably number gestures (a common benchmark)
and a military gesture benchmark (chosen due to its applicability
to video games and training environments). Our system performs
admirably demonstrating its versatility and accuracy.

7.1. Future Work

Following benchmarking we now plan to apply the system in a
video game and evaluate the user experience. This is the long-term
goal of this project, to produce a system that can allow a user to in-
teract naturally with artificial intelligence characters in a VR game.

Furthermore, we have developed a continuous recognition ver-
sion of this system that addresses an entirely new method of con-
trol input for VR devices. The hope is that the continuous recogni-
tion approach could allow users to seamlessly interact with a game,
without the need to break their suspension of disbelief to explicitly
define a gesture.
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