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A Multiple Model Approach to Track Head
Orientation With Delta Quaternions
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Abstract—Virtual reality and augmented reality environments
using helmet-mounted displays create a sense of immersion by
closely coupling user head motion to display content. Delays in
the presentation of visual information can destroy the sense of
presence in the simulation environment when it causes a lag in
the display response to user head motion. The effect of display
lag can be minimized by predicting head orientation, allowing the
system to have sufficient time to counteract the delay. In this paper,
a new head orientation prediction technique is proposed that uses
a multiple delta quaternion (DQ) extended Kalman filter to track
angular head velocity and angular head acceleration. This method
is independent of the device used for orientation measurement,
relying on quaternion orientation as the only measurement data.
A new orientation prediction algorithm is proposed that estimates
future head orientation as a function of the current orientation
measurement and a predicted change in orientation, using the
velocity and acceleration estimates. Extensive experimentation
shows that the new method improves head orientation prediction
when compared to single filter DQ prediction.

Index Terms—Delta quaternion (DQ), extended Kalman fil-
ter (EKF), head orientation, head tracking, interacting multiple
model estimator (IMME), quaternion prediction.

I. INTRODUCTION

V IRTUAL REALITY (VR) and augmented reality (AR)
environments using head-mounted displays often use

head tracking to determine the “look angle” of the user, control-
ling virtual objects and symbology to fit the scene that is being
viewed. Symbology might include mission critical information
such as target range or sensory input. Several studies have
investigated the use of VR/AR environments for teleoperation
interfaces to improve situational awareness through immersion
[7], [20], [30], [37]. The value of VR/AR in systems using head
tracking is directly impacted by the degree of user immersion;
any perceived lag between head motion and scene response
reduces presence in artificial environment [21]. Severe scene
lag can disorient the individual, causing dizziness and, in ex-
treme cases, simulation sickness [2], [18], [25], [35], [36], [33].
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The scene rendering process in modern VR/AR environments
is typically in the range of 50–100 ms, resulting in significant
display lag. An effective method of lag compensation is to
predict head orientation using head tracking data, rendering the
next scene ahead of time.

Head motion is extremely unpredictable, ranging from sta-
tionary pose when studying a scene to rapid accelerations and
decelerations when tracking moving objects. A single motion
model cannot accurately handle all types of head motion,
resulting in compromised performance [13], [21]. Multiple
model estimation can be used to improve head tracking by
combining different motion models that target specific types of
head motion.

Multiple model algorithms can be divided into three gen-
erations: autonomous multiple models (AMMs), cooperating
multiple models (CMMs), and variable structure multiple mod-
els (VSMMs) [23]. The AMM algorithm uses a fixed number
of motion models operating autonomously. The AMM output
estimate is typically computed as a weighted average of the
filter estimates. The CMM algorithm improves on AMM by
allowing the individual filters to cooperate. The well-known
interacting multiple model estimator (IMME) algorithm is part
of the CMM generation. The IMME makes the overall filter
recursive by modifying the initial state vector and covariance
of each filter through a probability weighted mixing of all the
model states and probabilities [5], [6], [29]. The IMME ap-
proach was shown to improve performance in high-acceleration
conditions, but similar to the modified AMM method, it caused
larger overshoot (OS) and ringing. The VSMM algorithm builds
on the CMM approach by varying the type of models operating
in the filter at any given time. Models are dynamically added or
deleted from the filter based on their performance, eliminating
poorly performing ones and adding candidates for improved
estimation.

The contribution of this paper is twofold: First, we propose
a new method of estimating angular head velocity and angular
head acceleration from orientation measurements, and second,
we present a new approach to orientation prediction. This paper
proposes the multiple model delta quaternion (DQ) (MMDQ)
algorithm for latency compensation. The MMDQ estimates
angular head velocity and acceleration from orientation data
using an IMME. For this study, we have modified the IMME to
improve overall performance by adding provisions to avoid nu-
merical underflow/overflow conditions and an adaptive transi-
tion probability matrix (TPM). The MMDQ uses three extended
Kalman filters (EKFs) to estimate velocity and acceleration
from the change in head orientation expressed as the DQ (Δq).
An adaptive prediction algorithm then uses the velocity and
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acceleration estimates to predict future orientation across a
user-specified time interval. This method differs from other
EKF-based approaches in that the prediction time is not a
multiple of the data rate but rather can be matched to display
lag without consideration of the data rate. The decoupling of
the prediction interval from the orientation measurement rate
allows the prediction process to make full use of the faster
update rate of modern orientation measurement systems.

This paper is organized as follows. In Section II, the theoreti-
cal background for the proposed algorithm is briefly discussed.
In Section III, the algorithm implementation is presented in
detail. Section IV presents and discusses experimental results.
A summary of the performance of the proposed method is
presented in Section V.

A. Related Work

Our first study on this subject presented two adaptive ap-
proaches to using the EKF for head orientation prediction
[14]. The first adaptive method modified the EKF predicted
error covariance to improve the tracking performance when
head motion changed. Although the tracking performance im-
proved, the fading memory algorithm also resulted in increased
noise in the predicted orientation. A second adaptive method
(R-adaptive) modified the measurement noise covariance of the
EKF in response to the noise level of the predicted orientation.
The R-adaptive successfully controlled the output noise level
while improving tracking for benign head motion but increased
the prediction error with aggressive head motion.

The authors have previously presented the DQ EKF as a new
approach to head orientation prediction [15]. The DQ method
removes the quaternion orientation from the EKF, significantly
reducing the computation requirements. Our study found that
the DQ EKF was superior to the well-known quaternion EKF
[3], [22] for aggressive head motion but was slightly inferior for
moderate head motion.

A modified AMM algorithm was used by Kyger and
Maybeck [21] to compensate for latency. Individual filters
were designed for look-angle tracking based on first-order
Gauss–Markov acceleration, first-order Gauss–Markov veloc-
ity, and constant-position models. The three filters ran indepen-
dently and were reinitialized when divergence was detected. A
restart algorithm was added to the AMM framework to keep
the individual filter state vectors in the locality of the overall
filter state vector, allowing rapid transition between filters as
the type of motion changed. The modified AMM filter reduced
lag significantly but suffered from increased OS and ringing.
The filter used one-step prediction to compensate for latency,
thus limiting the frame rate to the required prediction time
in the application. Additionally, the approach did not provide
complete orientation data, choosing to supply the look angle
only. Liang et al. developed a head motion prediction method
based on Kalman filtering [25]. The proposed system predicted
head orientation using a filter model that decoupled the four
quaternion components, filtered them independently with sep-
arate EKFs, and then recombined them to form the predicted
quaternion value. A study of predictive filtering methods was
conducted by Rhijn et al. [32]. Their work found that the EKF

provided the same performance in typical VR/AR applications
as other predictive filtering methods, including particle filters
and the unscented Kalman filter. Yang et al. studied the use
of the EKF in single filter and multiple model frameworks for
conflict detection algorithms [41]. Their study found that the
single Kalman filter provided some advantages during mode
transitions but the multiple model approach performed better
overall.

Ali et al. used DQs to control the attitude in the Mars
Exploration Rover [1]. Their approach estimates the change
in orientation and then corrects it using measurement data
from a variety of instruments, including accelerometers and
gyroscopes. Cheon and Kim estimated spacecraft attitude using
quaternion orientation [9]. Their work used a magnetometer
and a gyroscope to estimate quaternion orientation with an
unscented Kalman filter. Marins et al. used DQs with Kalman
filtering to construct a magnetic, angular rate, and gravity
sensor [26]. A study by Sabatini combined a gyroscope, an
accelerometer, and a magnetometer to measure orientation for
biomedical applications [33]. Each of these studies uses angular
rate data to estimate quaternion orientation with Kalman filter-
ing. In our study, we estimate angular rate from orientation data
and then use it to predict orientation.

The concept of DQ, which hinges on the idea of building
an error quaternion using quaternion composition rather than
quaternion subtraction, is at the heart of what is known as the
multiplicative EKF (MEKF) [3], [27], [31]. The MEKF has
been used not only to estimate the quaternion but also to es-
timate angular velocities, sensor errors, biases, and alignments.

II. BACKGROUND

A. DQ Filtering

A quaternion provides a unique representation of orientation
when it is normalized to the unit sphere (1) [10], [34], [39].
The DQ filter predicts future head orientation from the change
in quaternion orientation, computing the change in orientation
(Δq) as a function of the estimated head velocity. To rotate
an object, the orientation q[k] of the object is multiplied by
the desired change in rotation, i.e., the DQ Δq[k] defined as
(2). Note that the product is determined using a quaternion
multiplication (⊗)

q =

[
cos

(
θ

2

)
û · sin

(
θ

2

)]T
(1)

Δq[k] = q[k]⊗ (q[k − 1])−1 . (2)

The DQ filter converts quaternion data to DQs in real time
and then applies Kalman filtering, removing the quaternion ori-
entation from the filter state variable and reducing the computa-
tional load when compared to quaternion filtering. The average
angular velocity between measurements is estimated as a Euler
value (azimuth, elevation, and roll) and then corrected with the
measured change in orientation. The relationship between the
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DQ and average angular velocity (ω) given by Chou [10] is
used to convert Euler velocity to delta quaternions.

Δq(ω, τ) =

[
cos

(
θ

2

) (
2ω

‖ω‖

)
· sin

(
θ

2

)]T

θ =
√
ωT · ω (3)

When acceleration values are available, they are used to
modify the average velocity.

B. EKF

The EKF uses the prediction-correction behavior of the
Kalman filter to nonlinear systems [28], [38]. The state equation
f(x[k − 1], u[k − 1], w[k − 1]) relates the state at time k(x[k])
to the previous state (x[k − 1]) (4). Additional parameters are
a driving function b and process noise w, where w has the
property of the zero-mean white Gaussian noise. The measure-
ment (5) relates the state vector (x[k]) to the measurement data
through the measurement function h(x[k], v[k])

x[k] = f (x[k − 1], b[k − 1], w[k − 1]) (4)

z[k] =h (x[k], v[k]) . (5)

In reality, the process noise is not exactly known at time
k, so the state (x[k|k − 1]) is an approximation of the true
next state (x[k]) as a function of the previously corrected state
(x[k − 1|k − 1]). Here, we have used the notation x[k|k − 1]
to express the state vector at time step k conditioned on the
previous state vector at time step k − 1. Similarly, the mea-
surement function produces an approximation (z[k|k]) of the
measurement data (z[k]) due to the unknown value of the mea-
surement noise v, where v has the property of the zero-mean
white Gaussian noise at time k. The governing equation for
the EKF state estimate approximates the true state vector (x[k])
and the true measurement (z[k]) using a Taylor expansion about
conditional state (x[k|k − 1]).

x[k]≈x[k|k−1]+A[k]·ε[k−1]+W [k]·w[k−1] (6)

z[k]≈z[k|k]+H[k]·ε[k−1]+V [k]·v[k]
ε[k−1]=x[k−1]−x[k−1|k−1] (7)

The A and W in (6) are Jacobian matrices of the state
(4) with respect to the state vector x and the process noise
w, respectively. The true measurement (z[k]) relates to the
approximate measurement (z[k|k]) using the two matrices (H
and V ) and the measurement noise v (6). The H and V in (7)
are Jacobian matrices of the function h with respect to the state
vector x and measurement noise v, respectively.

III. FILTER DESIGN

A. MMDQ Design

The MMDQ filter builds upon our previous work with the
DQ filter [15], improving on the DQ framework by replacing
the single EKF with a three-model modified IMME [4] and
changing the prediction algorithm to take advantage of the

Fig. 1. MMDQ uses multiple DQ EKF filters in an IMME framework to
provide improved head tracking. The IMME is modified to include an adaptive
TPM for improved tracking. An adaptive algorithm predicts future orientation
from the IMME state estimate and the measured orientation.

additional resources of the multiple model (MM) state vector.
The overall MMDQ filter can be broken into seven separate
processes: DQ computation, TPM update, probability and state
mixing, extended Kalman filtering, weighting coefficient com-
putation, state vector combination, and orientation prediction.
The MMDQ filter does not include the quaternion state in the
filter state vector, significantly reducing the complexity of the
Kalman filters (see Fig. 1).

The IMME mode-switching process is assumed to be a
Markov chain with a known mode TPM. The TPM can be
estimated from offline data as a function of the expected sojourn
time in each model [7], [23]. Although a fixed TPM can provide
good results, the widely varying nature of a head tracking
application presents large demands on the TPM estimation
procedure [16]. For this experiment, we use an adaptive al-
gorithm for TPM estimation operating on an initial estimate.
Our equation notation will use subscripts for individual matrix
elements (Mi,j) and bracketed superscript to identify matrix
columns (M 〈i〉).

A cost-effective method of computing the online TPM using
a quasi-Bayesian estimator was presented by Li and Jilkov
[23] and Marins et al. [26]. This method first computes the
mixture probability density function (pdf) gi,j for the jth state
element of the ith model from the likelihood function (L),
the weighting coefficients (μ), and the previous TPM (

∏
)

(8). Next, the Dirichlet distribution parameters γ are calculated
from the pdf (g) and the previous parameters (9). A new TPM
(
∏
) is computed as the average of the Dirichlet distribution

parameters over the previous k frames (10). Equation (10) has
been modified to prevent TPM elements from reaching zero by
enforcing a minimum value [24]

gi,j [k + 1]=1+

μi[k]·
(
Lj [k]−

(
(Π[k])〈j〉

)T

·L[k]
)

(μ[k])T ·Π[k]·L[k]
(8)



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

4 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART B: CYBERNETICS

γi,j [k+1]=γi,j [k]+
γi,j [k]·gi,j [k]∑
j (γi,j [k]·gi,j [k])

(9)

Πi,j [k+1]=max
[
10−50, γi,j [k]/(k+1)

]
. (10)

The initial value of the TPM will be determined through
the analysis of a data set that is representative of a typical
head tracking application. The TPM elements are computed as
the single step probability of each mode transition. The afore-
mentioned adaptive computations are inserted in the IMME
structure before the probability mixing stage.

The probability covariance and state vector of each EKF
in the IMME are biased toward the overall solution of the
IMME before the filters iterate. Each EKF filter is adjusted
to the overall solution to prevent filter divergence, keeping the
filter state near the operating point of the IMME. The MMDQ
modifies this stage by applying a minimum value to the mixing
coefficients and weighting coefficients to prevent any value
from reaching zero. The recursive nature of the IMME can
result in a filter being dropped from use once its weighting
coefficient reaches zero [24]. The addition of a lower limit to
the mixing process assures that the filter can effectively remove
individual EKF solutions without permanently dropping the
filter from the MMDQ.

Head motion is very unpredictable, ranging from benign sta-
tionary pose to erratic aggressive target tracking. The MMDQ
deals with these wide variations by switching between multiple
filters, each designed to handle a specific type of head motion.
In our work, we evaluated the use of the constant velocity (CV)
and constant acceleration (CA) models, which are described in
Section III-B1 and B2. The weighting coefficients are computed
using the standard IMME method, computing each coefficient
as the product of the previous frame coefficient and the like-
lihood function. After computation, the weighting coefficients
are normalized, and a lower bound is applied to avoid zero
values. The state vector mixing uses the weighting coefficients
to generate the state and probability covariance.

B. DQ Filter Design

Multiple model approaches are often used to improve pre-
diction by using multiple instances of the same model, each
tuned to handle a different type of head motion [13]. We have
chosen to use two CV filters and a CA filter, each with different
process noise. The high data rate of the simulation environment
(120 Hz or more) allows us to use simple motion models such
as the CV and CA for head tracking, reducing the complexity of
the Kalman filters. The first CV filter will have low-level white
noise and will be designed for slow changing and stationary
orientation. The second CV filter will have high-level white
noise and is intended for moderately changing head orientation.
The CA filter will have high-level white noise to handle large
changes in acceleration such as starts and stops.

1) CV Filter: The CV filter model uses a state vector (xCV )
containing the corrected average angular velocity (ω[k|k]) to
estimate the DQ Δq.

xCV [k] = ω[k|k] (11)

The CV model state equation fCV (x,w) predicts the next
state vector (xCV [k|k − 1]) as a function of the corrected state
vector from the previous frame (xCV [k − 1|k − 1]) and the
process noise (w) (12). Since the CV model assumes that
velocity does not change between measurements, the estimated
velocity (ω[k|k − 1]) is a linear function of the corrected angu-
lar velocity state (ω[k − 1|k − 1]), process noise (ω), and the
frame period (τ)

fCV (x[k − 1], w[k − 1]) = ω[k − 1|k − 1] + w[k − 1] · τ.
(12)

The measurement equation h(x, v) converts the estimated
angular velocity to a DQ (13). Note that the DQ CV filter
has a linear state (12) but a nonlinear measurement (13). The
measurement equation is identical in both of our motion models
and therefore does not carry a model subscript

h (x[k], v[k]) = Δq ([k|k − 1], τ) + v[k]. (13)

The A matrix for the CV model (ACV ) is the partial deriva-
tive of (12) at time k with respect to state (x) which reduces
to the identity matrix (14). The W matrix for the CV model
(WCV ) is the partial derivative of (12) with respect to process
noise (w), reducing to the frame time (τ) multiplied by the
identity matrix (15). The V matrix is the partial derivative of
(13) with respect to measurement noise (v), evaluated at the
current state which reduces V to the identity matrix (16)

ACV [k]=
∂

∂xCV
[fCV (xCV [k−1], 0)] ACV =1 (14)

WCV [k]=
∂

∂w
[fCV (xCV [k−1], 0)] WCV =1 (15)

V [k]=
∂

∂v
[hCV (x[k|k−1], 0)] V =1. (16)

The H matrix at time step k is the partial derivative of (13)
at time step k with respect to the state variable (x). Expressing
H as three column vectors, the general form is a function of
the estimated DQ (Δq(ω[k|k − 1], τ)), the estimated angular
velocity (ω[k|k − 1]), and the sample period (τ).

(HCV [k])
〈i〉 =

⎡
⎢⎣
(−τ/4) ·Δqi+1

ω0 · a+ δi,0 · b
ω1 · a+ δi,1 · b
ω2 · a+ δi,2 · b

⎤
⎥⎦ (17)

where

a =
(τ · ωi ·Δq0 −Δqi+1)

(ωT · ω) b =
Δqi+1

ωi

Δq =Δq(ω[k|k − 1], τ) ω = ω[k = k − 1]

and δi,j is the Dirac function δi,j =

{
1 if i = j
0 if i �= j

.

2) CA Filter: The CA filter models the changes in quater-
nion orientation as incremental accelerations between mea-
surements [11]. The state vector at time k (xCA[k]) contains
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the corrected angular velocity (ω[k|k]) and corrected angular
acceleration (ω[k|k]).

xCA[k] = [ω[k|k] α[k|k]]T (18)

The CA state equation fCA(x,w) expresses the predicted
velocity (ω[k|k − 1]) as the sum of the velocity state (ω[k −
1|k − 1]) and the product of the angular acceleration state
(α[k − 1|k − 1]), the frame time (τ), and the process noise
(w) (19). The predicted angular acceleration (α[k|k − 1])
is the sum of the current acceleration state (α[k − 1|k − 1]) and
the product of the process noise (w) and the frame time (τ).
The CA filter uses that same measurement equation as the CV
filters (13)

fCA (x[k − 1], w[k − 1]) =

[
ω + α · τ + w · τ2/2

α+ w · τ

]T
. (19)

The A and W Jacobian matrices for the CA filter
(ACA,WCA) can be derived by inspection from the expanded
form. The ACA matrix (20) and WCA matrix (21) are derived
separately for the CA filter, but the V matrix is unchanged since
we are using the same measurement model (13)

ACA[k] =
∂

∂xCA
[fCA (xCA[k − 1], 0)]

ACA =

[
I τ · I
0 I

]
(20)

WCA[k] =
∂

∂w
[fCA (xCA[k − 1], 0)]

WCA =

[
τ2

2
· I τ · I

]T
. (21)

The H Jacobian for the CA filter (HCA) contains the partial
derivatives of the measurement (13) with respect to each of
the state variables (18). The general form of HCA uses the
same three column vectors of (17) but with the CA model
used to compute the predicted angular velocity (22). The three
partial derivatives of (13) with respect to acceleration (α) are
functions of estimated angular velocity (ω[k|k − 1]), estimated
DQ (Δq(ω[k|k − 1], t)), and the sample period (τ). The HCA

matrix can be expressed in a compact form by noting that
the partial derivative with respect to angular acceleration (α)
differs only in a term of τ from the partial’s with respect to
angular velocity (ω)(23)

HCA[k] =

[ ∂
∂ω [hCA (xCA[k|k − 1], 0)]

hCA (xCA[k|k − 1], 0)

]T
(22)

HCA[k] = [I τ · I] · ∂

∂ω
[hCA (xCA[k|k − 1], 0)] . (23)

C. Orientation Prediction

The DQ filters predict head orientation by estimating the
change in orientation (ΔqP ) across the prediction interval (δ)

Fig. 2. Corrected EKF state vector (x[k|k]) is used to predict the change in
head orientation (Δq) across a time interval δ to estimate future orientation at
time t.

Fig. 3. Orientation is predicted from the DQ EKF by assuming that the current
state estimate (x[k|k]) is constant across the prediction interval δ.

(see Fig. 2). The DQ is applied to the current quaternion
measurement to predict orientation

q(t+ δ) = Δq (x[k|k], δ)⊗ q(t). (24)

D. DQ Prediction

The DQ EKF filters (CV and CA) predict the change in
orientation across the entire prediction interval (d) in one
computation (see Fig. 3). Each of the filters assumes that
the current state vector is constant throughout the prediction
interval when the average angular velocity is computed. A DQ
representing the change in orientation across the prediction
interval is constructed from the state vector (3).

The predicted orientation (q(t+ δ)) is calculated
as the quaternion product of the current orientation
(q(t)) and the predicted change in orientation (25). The
prediction function for the CV model EKF assumes that
the corrected angular velocity estimate (ω[k|k]) is constant
throughout the prediction interval. A DQ is generated from
the velocity estimate (26) and prediction time based on Chou’s
work (3). The CA model uses both the corrected velocity
and acceleration to predict future head orientation. The
prediction function assumes that the estimated acceleration is
constant during the prediction interval and computes the DQ
accordingly (27)

q(t+δ)=Δq (x[k|k], δ)⊗q(t) (25)

ΔqCV (x[k|k], δ)=Δq (ω[k|k], δ) (26)

ΔqCA (x[k|k], δ)=Δq (ω[k|k]+0.5·α[k|k]·τ, δ) . (27)

1) MMDQ Filter: The MMDQ filter estimates future orien-
tation by computing the DQ (Δq) expected during the predic-
tion interval (δ) from the corrected state estimate (xMM [k|k])
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Fig. 4. MMDQ3 prediction function mixes the multiple MMDQ filter state
estimates using the most recent weighting coefficients (μ). This process is
repeated for each sample period (τ) in the prediction interval (δ).

and applying it to the current quaternion state estimate (q[k])
(see Fig. 4). The prediction interval is divided in N = δ/τ
time steps, and the predicted state for each of the N steps is
computed by applying the CV and CA models to the current
MMDQ state estimate (xMM [k|k]) (28). The state estimate
for step n in the prediction interval (ωMM [n|k]) is computed
as the weighted average of the previous state estimate (x[n−
1|k]) (29). The predicted quaternion (qMM ) is generated by
recursively applying the DQ for each step in the prediction
interval (30) and a partial step for any remaining part of the
prediction time (δ)

xMM [n|k] =
[
μCV [k]

μCA[k]

]T
·
[
xCV [n− 1|k]
xCA[n− 1|k]

]
(28)

ωMM [n|k] =
[
μCV [k]

μCA[k]

]T

·
[

ωCV [n− 1|k]
ωCA[n− 1|k] + αCA[n− 1|k] · τ

]
(29)

qMM [n|k] =Δq (ωMM [n|k], τ)⊗ qMM [n− 1|k]. (30)

The MMDQ prediction dynamically mixes the two motion
models to create the predicted orientation, allowing the algo-
rithm to adapt to the current state of the system each time the
filter is iterated.

IV. EXPERIMENTAL RESULTS

Head motion data were collected using a Polhemus Liberty
ac magnetic tracker to provide measured data for the experi-
ment. The experiment setup used a single sensor attached to
the rear of a helmet with the magnetic source rigidly mounted
approximately 0.2 m from the sensor (see Fig. 5). Five data
sets were collected, three motion specific (benign, moderate,
and aggressive) and two full motion (motion 1 and motion 2)
(see Table I). Each of the collected data sets contains 100 000
sequential head orientation samples collected at a 120-Hz mea-
surement rate.

A quaternion orientation data set was collected for three
specific head motion categories (benign, moderate, and ag-
gressive motion). The three motion categories were chosen to

Fig. 5. Experimental setup uses a flight helmet with a sensor taped to the rear.
The magnetic source is positioned on a stationary pole just behind the helmet
to approximate a typical head tracking environment. This geometry minimizes
the source/sensor spacing during data capture, reducing measurement noise.

TABLE I
ANGULAR MOTION BY DATA SET

Fig. 6. Histogram of the benign, moderate, and aggressive motion sets nor-
malized to the same frequency scale. Note that the three motion models define
specific ranges of angular acceleration with overlapping regions. The aggressive
motion histogram is only partially shown.

correlate with those used by Kyger and Maybeck [21] in their
experiment with MM head orientation prediction. Kyger and
Maybeck assembled three motion categories from data captured
during simulator missions with experienced pilots at Armstrong
laboratories. We created head orientation data for each of these
categories to closely match that of the Kyger experiment by
carefully controlling head motion during data collection. The
normalized histogram of the motion specific data sets (see
Fig. 6) indicates that each data set occupies a separate region
of the angular velocity range.

The benign motion data set has a distribution that is sharply
defined with very little acceleration content as would be ex-
pected when the pilot studies a stationary object. The moderate
data set has a range of values that represent smooth motion as
the pilot scans the airspace. The aggressive data set distribution
is very broad and represents fast erratic motion.

Two additional data sets (Motion 0 and Motion 1) were taken
with a full range of head motion for performance evaluation.
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Fig. 7. Histogram of the angular head acceleration for the two full motion data
sets shows that the head is generally experiencing moderate or benign motion.
Note that we have not shown the “tail” of the two histograms to emphasize the
peak near 0.25 rad/s2.

TABLE II
MANUEVERING INDEX (λ) DISTRIBUTION

Each of the full motion data sets features a complete range
of head motion data from benign stationary pose to wildly
aggressive tracking motions, similar to that expected in a sim-
ulation environment (see Fig. 7). The angular acceleration has
a large standard deviation (∼4 rad/s2) and a small mean value
(∼1 rad/s2) indicating short bursts of high acceleration.

We implemented the MMDQ in a two model (MMDQ2) and
a three model (MMDQ3) configuration based on the analysis
of the collected data sets. A CV model DQ EKF (DQEKF-CV)
and a CA model DQ EKF (DQEKF-CA) are implemented to
provide a performance comparison. The different filter types
are evaluated for tracking error under various conditions. We
then run an experiment with the proposed prediction algorithm.

A. MMDQ Configuration

The full motion data sets (Motion 0 and Motion 1) were
evaluated to determine if the maneuvering index [19] of the
collected data sets requires the Interactive Multiple Model
(IMM) Kalman filter (see Table II). The maneuvering index (λ)
is the ratio of the standard deviation of the process noise to
the standard deviation of the measurement noise. We computed
the CV process noise of each point using a 12-point sliding
window centered on the point. The measurement noise was
found by converting the DQ measurement to angular velocity
and calculating the standard deviation.

As shown in Fig. 8, both motion data sets contain points
with a maneuvering index greater than 0.5, indicating that the
IMM will provide improved tracking over a single EKF [19].
The distribution of λ shows that a single EKF has adequate
bandwidth for more than 75% of the samples. The three-filter
MMDQ (MMDQ3) will use a CV filter for (0.25 ≤ λ < 0.75)
(CV1), a CV filter for (0.75 ≤ λ < 1.25) (CV2), and a CA filter
for (λ > 1.25) (CA1). The two-filter configuration (MMDQ2)
that uses a CV filter tuned for midrange (0.25 < λ < 0.75)
(CV1) and a CA filter for the moderate motion (0.25 ≤ λ <
0.75) will also be implemented. Each filter is tuned to the
midpoint of its assigned maneuvering index range.

Fig. 8. Segment of the Motion 0 and Motion 1 data sets that display a large
maneuvering index value due to an aggressive head motion. The large dynamic
range of the data as it changes from benign motion to aggressive motion cannot
be handled by a single EKF without large errors.

The initial value of the TPM was estimated by assuming
that all state changes were the result of a single step Markov
chain. The assigned ranges of λ were then used to assign a
filter to each frame of the Motion 0 data set. The probability
of a transition from filter i to filter j (

∏
i,j) is the number of

transitions from i to j (Ni,j) in the data set divided by the total
transitions from filter i (ΣjNi,j) (31). A TPM was generated
for the IMM3 (32) and MMDQ2 (33) configurations using this
process

Πi,j =
Ni,j∑
j Ni,j

(31)

ΠMMDQ3 =

⎡
⎣ 0.97 0.03 0.00
0.07 0.92 0.01
0.00 0.25 0.75

⎤
⎦ (32)

ΠMMDQ2 =

[
0.97 0.03
0.07 0.94

]
. (33)

The probability of transitions between the CV1 filter and
the CA1 filter in the MMDQ3 (32) was initially set to zero
based on the procedure outlined earlier. We reasoned that
direct high data rate of the tracker (120 Hz) was eliminating
direct transitions between these two filters, forcing them to
transit through the CV2 filter. Experimentation with the TPM
showed that allowing transitions from CV1 to CA1 improved
tracking by reducing the mode transition time at the onset of
acceleration. We determined through empirical methods that
a small transition probability in the CV1/CA1 location was
sufficient to allow CV1/CA1 mode changes. The initial TPM
value reduced the mode changes of the MMDQ, slowing the
transition time between filters. This behavior reduced the mean
error at the expense of the maximum error. To reduce maximum
errors, we chose to use a more balanced TPM that increases the
probability of mode changes and reduced the transition time
between filters [4].

ΠMM3 =

⎡
⎣ 0.80 0.10 0.10
0.10 0.80 0.10
0.10 0.10 0.80

⎤
⎦ (34)

ΠMM2 =

[
0.80 0.10
0.10 0.80

]
(35)
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TABLE III
MMDQ FILTERS VERSUS MANEUVERING INDEX (λ)

During simulation, it was determined that the adaptive TPM
algorithm was moving the TPM toward (32) and (33); therefore,
it was disabled to retain the balanced mixing of (34) and (35).
The change to a fixed TPM with the balanced values resulted in
reduced errors with the MMDQ filters.

B. Filter Tuning

1) Measurement Noise: The measurement noise (v(k)) is
common to all three filters since the measurement equations are
identical. We find v(k) for a data set by subtracting a smoothed
version of the data set from the measurement. This method was
chosen so as to include dynamic errors of the tracker in the
computation. Stationary measurement data originally taken for
this process were found to have very little noise (< −90 dB)
and were not representative of what we were seeing in the
motion data. For this experiment, we assume that the individual
components of the DQ are independent variables, allowing us
to use the standard deviation (29) for the filters instead of the
complete covariance matrix. These are typical values used for
the experiments; the actual values were determined during the
simulations to support the use of multifold cross-validation

σv = [2.09e− 06 0.22e− 03 8.22e− 05 7.92e− 05]T.
(36)

2) Process Noise: The process noise for each filter was
determined from an assigned maneuvering index (λ) that repre-
sents the range of motion that we expect the filter to cover. For
the MMDQ filters, we use the values from Table III where we
have centered each filter in the range of λ that it is designed to
support. For the EKF filter, we choose λ = 0.5 for both the CV
model version (EKF-CV) and the CA model implementation
(EKF-CA) to provide coverage for moderate motion.

In both the EKF filters, we bias the tuning toward moderate
motion to provide better performance during aggressive motion.
The MMDQ tuning allows us to choose a process noise for the
CV1 filter that fits approximately 75% of the data sets without
sacrificing performance during highly aggressive motion. The
standard deviation of the process noise (ωw) was found by
applying the measurement noise (ωv) and time step to λ. Note
that the equation for the CV filter model process noise (σCV )
(37) is slightly different than that for the CA filter model
(σCA) (38).

σCV =
λσWCV

τ
(37)

σCA =
λσWCA

τ2
(38)

The final tuning values for each of the filters are shown
in Table IV as row vectors with each vector containing ωv

values for the azimuth, elevation, and roll components of the

TABLE IV
PROCESS NOISE FILTER TUNING VALUES

angular velocity (in that order). We developed these tuning
values through manually reviewing simulation results as we
“walk” the values to optimize results. Our values are tuned
to the experimental setup which is modeled after an aircraft
simulation application; other applications may benefit from dif-
ferent tuning value derived from training data in the simulation
environment.

The final MMDQ2 values have the CV1 filter identical to
the individual DQEKF-CV and a high process noise CA filter.
The MMDQ3 uses the same tuning for the CV1 and the CA1
filter, adding the CA2 filter for very aggressive motion. Notice
that the DQEKF-CA uses a much lower process noise than the
MMDQ2-CA1. The high gain of the CA1 filter in the MMDQ
precludes its use as a stand-alone filter like the DQEKF-CA
due to compromised performance with low acceleration data
like the benign motion data set.

C. Angular Velocity Estimation

We evaluated the performance of the four filters using a
tenfold cross-validation process with a 10 K sample validation
interval and a nonoverlapping 90 K sample training interval. For
the full motion data sets, the filters were tuned from the training
set; performance was measured using the results obtained by
running the validation data. The motion specific data sets used
a similar approach except that tuning was determined by a
training interval in the Motion 0 data set.

The two single stage filters (DQEKF-CV and DQEKF-CA)
had different performance profiles that illustrated how their
respective motion models favor specific types of head motion
(see Table V). With benign motion, the CV filter had lower
median error than the CA (3.5 versus 4.5 mrad). Under moder-
ate motion, the CV again performs better, but in the aggressive
motion, the two filters have similar performance. The differing
results for these two filters illustrate how the CV motion model
is suited for benign motion while the CA model is best suited
for aggressive motion.

The two MMDQ filters had similar performance across all
motion categories with the MMDQ3 providing the best perfor-
mance. The MMDQ3 improves upon the DQEKF-CV median
error results with the benign motion (3.0 versus 3.5 mrad)
with better results than the DQEKF-CA. For full range motion
(combined Motion 0 and Motion 1 data sets), the MMDQ3 was
slightly better than the MMDQ2 due to improved performance
with aggressive data. With the combination of a CV filter for
benign to moderate motion and a CA filter for moderate to
aggressive motion, the MMDQ improves performance with
aggressive motion when compared to the two EKF filters.
The addition of a third filter to the MMDQ structure for
the MMDQ3 provided little improvement in structure for the
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TABLE V
VELOCITY ESTIMATION ERROR BY MOTION CATEGORY (IN MILLIRADIANS PER SECOND)

Fig. 9. Segment of the Motion 0 data set acceleration illustrates mode switch-
ing in the MMDQ filters. Here, we see the following: (a) Plot of angular head
acceleration, (b) mixing weights for MMDQ2, and (c) model mixing weights
for MMDQ3. The MMDQ2 is generally in one model or the other due to the
wide spacing of the filter tuning ranges while the MMDQ3 switches in smooth
curves, mixing two or more filter outputs due to the overlapping tuning ranges
of the filters.

MMDQ3 and provided little improvement in the aggressive
data set results as compared to that of the MMDQ2. The lack
of improvement with the CA2 filter is mostly likely due to the
limited dynamic range of our aggressive data set.

In their experiment with multiple model prediction, Kyger
and Maybeck [21] used an aggressive motion data set with
angular acceleration approaching 35 rad/s2 while our aggres-
sive data set had a maximum acceleration of 18 rad/s2. An
examination of the model weighting in the two MMDQ filters

(see Fig. 9) illustrates that the MMDQ3 is using the CA2
model for high accelerations that use the CA1 model in the
MMDQ2. The MMDQ3 is mixing the CA1 and CA2 models
for these intervals while the MMDQ2 is relying on the CA1
filter alone. Based on these results, the MMDQ2 would be the
better choice for our application since it has all the performance
of the MMDQ3 without the additional computational overhead.
However, a data set with higher acceleration (like that used
by Kyger) may require more process noise than the CA1 can
provide, requiring a switch to the MMDQ3.

D. Prediction Performance

Each of the four filters was evaluated for head orienta-
tion prediction over a range of prediction intervals from 0 to
100 ms. The DQEKF-CV predicts future orientation by as-
suming that the estimated head velocity is constant throughout
the prediction interval. The DQEKF-CA applies a CA motion
model using the estimated head velocity and acceleration. The
MMDQ2 and MMDQ3 filters use our proposed prediction
algorithm (28)–(30).

Prediction performance was evaluated in terms of the
Euclidian norm of the Euler angle error and presented as me-
dian error, median OS error, and maximum. OS was defined as
any estimate with more than 17.5 mrad (1◦) of orientation error.
We will concentrate on OS errors in our discussion of prediction
performance since this kind of error causes the “swimming”
effect that occurs with large display lag.

The prediction error for the full motion data sets (a combi-
nation of the Motion 0 and Motion 1 data sets) shows that the
DQEKF-CA, MMDQ2, and MMDQ3 filters all provided better
performance than the original DQEKF-CV filter (see Table VI).
The MMDQ2 filter had the best performance, reducing max-
imum OS error by 41.2% for the 50-ms case as compared to
the DQEKF-CV. The MMDQ3 and DQEKF-CA filters both
reduced maximum OS by approximately 18% for the same
case. With 75 ms of prediction, the MMDQ2 provides a 21.5%
reduction in maximum OS while the MMDQ3 and DQEKF-CA
have a 10% improvement. At 100 ms of prediction, all three
filters had approximately a 7% reduction in maximum OS as
compared to DQEKF-CV.

The improved performance with small prediction times in-
dicates that the filters with an acceleration estimate are more
responsive to changing head orientation than the velocity-only-
based DQEKF-CV. Increased prediction times average any
acceleration and provide a better fit with the CV motion model.
This behavior is evidenced more clearly with the aggressive
motion data (see Table VII) where the improvement in max-
imum OS is 54.9% for MMDQ2, 29.2% for MMDQ3, and
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TABLE VI
MMDQ PREDICTION ERROR WITH FULL MOTION (IN MILLIRADIANS)

TABLE VII
MMDQ PREDICTION ERROR WITH AGGRESSIVE MOTION (IN MILLIRADIANS)

TABLE VIII
MMDQ PREDICTION ERROR WITH MODERATE MOTION (IN MILLIRADIANS)

30% for DQEKF-CA with 50 ms of prediction. Increased pre-
diction with aggressive motion reduces the improvement over
the DQEKF-CV filter, but large improvements are still seen at
100 ms of prediction (MMDQ2: 30%; MMDQ3: 14.9%;
DQEKF-CA: 17.2%). The moderate motion case (see
Table VIII) shows very little difference between the four filters
at any of the three prediction times. In the moderate case, the
head motion is smooth, allowing the CV model to provide a
good estimate of head velocity.

The CA motion model allows for quick response to changes
in head velocity, but the CV model provides the best perfor-
mance for most head motion. The majority of head motion is
gradually changing smooth motion interspersed with sudden
accelerations. The CA motion model is a good choice to track
the accelerations but is less suited to the constant motion case.
The DQEKF-CA filter had the lowest median error in all test
cases, but the MMDQ filters had the lowest maximum OS. The
ability of the MMDQ filters to switch to the CV motion model
during periods of low acceleration provides better tracking of
head velocity, allowing better predictions. The MMDQ2 filter
had the best OS performance, nearly matching the median error
of the DQEKF-CA while reducing maximum OS significantly
(a 28% reduction in maximum OS as compared to DQEKF-CA
for full motion with 50 ms of prediction).

The difference in performance between the MMDQ2 and
MMDQ3 is due to tuning and motion model selection. For the
MMDQ2, we chose a CV1/CA1 combination tuned with the
same value as the equivalent DQ filters.

For the MMDQ3, we chose a CV1/CA1/CA2 combination
with the CA2 for highly aggressive motion. The inclusion
of a third motion model caused the MMDQ3 filter to spend
more time transitioning between models than the MMDQ2 (see
Fig. 5). The short bursts of acceleration in the head motion
data were well suited to the MMDQ2 tuning, resulting in quick
transitions between models for improved performance.

The two MMDQ filters, particularly the MMDQ2, provide
improved performance under all condition, but it is the reduced
OS that is important to VR/AR applications. The perception of
display lag increases as head motion becomes more aggressive
when the predictor overshoots, causing oscillopsia [2]. In this
situation, the user perceives VR environment instability as
the predictor first overshoots and then corrects, causing the
display to “swim” as it catches up with the head motion. Under
aggressive motion with 50 ms of prediction (a typical VR/AR
system delay), the MMDQ2 filter reduced maximum OS by
35.1% for the DQEKF-CA and 54.8% for the DQEKF-CV.
The large reduction in OS indicates that the MMDQ filters
will provide a significant reduction in oscillopsia caused by
display lag.

E. Computational Requirements

The MMDQ contains two (MMDQ2) or three (MMDQ3)
DQ EKF filters, so we would expect it to consume additional
bandwidth when compared to the DQ EKF. As shown in
Table IX, the MMDQ imposes a significantly larger
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TABLE IX
MMDQ COMPUTATIONAL REQUIREMENTS

computation load than that of the DQ EKF, but the increase
is small enough that it can easily be included in the firmware
of a typical orientation tracker. For example, the MMDQ3
was added to the Polhemus Liberty tracker used in this study,
maintaining the standard 240-Hz data rate of the tracker while
improving prediction performance.

V. CONCLUSION

In this paper, we have developed an MMDQ filter for head
orientation prediction. The proposed MMDQ filters integrate
CV and CA DQ filters in an IMME framework to provide im-
proved head orientation prediction. Two versions of the MMDQ
filter were compared to the original DQ EKF with a CV motion
model and a DQ EKF with a CA motion model. The two model
MMDQ (MMDQ2) was shown to provide the best performance
of the four filters, reducing maximum OS of the prediction
orientation by 41% with 50 ms of prediction. Reduced max-
imum OS was seen for all prediction times as compared to
the DQEKF-CV. A three model MMDQ (MMDQ3) reduced
maximum OSs by as much as 17% when compared to the
DQEKF-CV. The CA version of the DQ EKF had performance
similar to that of the MMDQ3.

The large reduction in OS provided by the MMDQ filter
indicates a correspondingly large reduction in oscillopsia in
the VR/AR environment. This improved performance comes
at the cost of a roughly 400% increase in computations, but
the computational load of the prediction is still small when
compared to that of the display generation.
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