
A Low-Cost Orientation Estimator for Smart
Projectiles Using Magnetometers and

Thermopiles

ABSTRACT: Anorientation state estimator is proposed for smartweapons applications using feedback fromwide field-
of-view thermal sensors and magnetometers. The state estimation system possesses several key advantages over current
designs in that it maintains low cost, lacks moving parts, and is free from reliance on GPS or other state feedback. In
order to enhance robustness against disturbances that reduce thermopile performance, the filter incorporates heuristics
feedback, leveraging preflight predictions of the projectile flight path. Realistic simulations demonstrate estimation
performance during conditions in which terrain and weather phenomena distort or obscure the horizon. The article
beginswith a discussion of sensormodeling techniques and descriptions of howweather and terrain effects are captured.
Then, an Extended Kalman filter is developed to estimate Euler angles and projectile spin rate. Example results,
incorporating realistic sensor errors and environmental disturbances, demonstrate estimator performance.Monte Carlo
results verify filter robustness and effective use of heuristics feedback. Copyright# 2012 Institute of Navigation.

INTRODUCTION

Smart projectile development seeks to integrate
gun-launched munitions with guidance and control
components toward the overall goal of achieving more
accurate, versatile artillery weapons. Key components
in any smart weapons system include a guidance
system, which processes state estimates and gener-
ates control commands, and a state estimation sys-
tem, which synthesizes data from multiple sensors to
produce an estimate of the current state in real-time.
State estimator development for smart weapons has
proven a challenging task since sensor components
must be small, low cost, and robust to extreme loads
incurred at gun launch. Such restrictions have limited
the use of missile- and aircraft-grade sensors, since
such components are often too expensive or do not fit
within the allotted space. As a result, the smart
weapons community has focused on a component-level
integrated approach to state estimation, leveraging
low-cost MEMS sensors such as magnetometers,
accelerometers, rate sensors, thermopiles, and other
small robust devices. Taken individually, these
sensors often cannot match the precision and reliabil-
ity associated with missile-grade IMUs. However, by
constructing a constellation of various types of sensors
and processing feedback in an effective manner, state

estimates may be obtained with comparable accuracy
and reliability to those of aircraft and missile state
estimation systems. One such sensor constellation,
consisting of thermopiles and magnetometers, proves
to be an attractive choice in that the sensor package
is small, affordable, independent from GPS or other
measurements, and robust to large acceleration loads
incurred during launch.
During both endo- and exo-atmospheric flight, wide

field-of-view infrared sensors such as thermopiles can
be used to detect infrared emissivity gradients
between Earth and sky and thus provide a signal
corresponding to the sensor’s orientation with respect
to the horizon. Processing algorithms can then gener-
ate real-time roll angle and roll rate estimates. How-
ever, for vehicles flying within the lower atmosphere,
detection of the IR emissivity gradient can be signifi-
cantly obscured by clouds or distorted by terrain
effects, and thus most previous investigations have
centered around space vehicle applications. Initial
investigations into use of horizon sensors for attitude
determination were conducted by NASA for use on
the Mercury and Gemini programs [1]. Astheimer [2]
and Doctor [3] designed attitude estimators for satel-
lites using infrared horizon sensors, demonstrating
that such systems could provide reliable and highly
accurate feedback in exo-atmospheric flight. A few
investigators have also explored horizon sensor-based
orientation estimators for atmospheric flight vehicles.
Gwozdecki [4] proposed an aircraft attitude estimator
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feedback control system based on infrared horizon
sensor feedback. Egan et al. [5, 6] and Hermann and
Bil [7] have designed and constructed a three-axis
thermopile-based attitude estimator for small UAVs.
Flight tests have demonstrated accurate estimation
performance in clear visibility conditions. Most
recently, Rogers et al. [8] designed a roll orientation
estimator for smart projectiles based on thermopile
feedback. Simulated and experimental results demon-
strated accurate roll determination given flat terrain
and good visibility.
Development of attitude estimators combining

magnetometer and horizon sensor feedback has
largely been restricted to the space community. Due
to the affordability of these sensor components, use
of this sensor combination has been attractive to
low cost satellite developers. As early as the 1960s,
Baxter [9] studied the use of a magnetometer-horizon
sensor combination for re-entry vehicle attitude deter-
mination. The horizon sensor was collimated and
designed to produce discrete outputs corresponding
to whether or not the sensor was oriented toward
Earth. More recently, Grassi [10] developed an
attitude estimator for small satellite applications
based on combined feedback from a single horizon
sensor and a pair of two-axis magnetometers. Hill
and McCusker [11] developed a real-time optimal
attitude estimator for satellites based on three-axis
magnetometer and horizon sensor feedback. Simula-
tions predicted highly accurate pitch and yaw estima-
tion performance, which was verified in flight test.
This paper develops a full orientation estimator

leveraging thermopile and magnetometer feedback
for smart projectiles in atmospheric flight. The esti-
mation algorithm is based on an Extended Kalman
filter framework with sequential measurement
updates. The filter design presented here is unique
in that it seamlessly combines sensor feedback with
pre-flight heuristic predictions of pitch angle, which
act to close the estimation problem in the event of
thermopile signal dropouts due to cloud obscuration.
Other important features of the algorithm are on-line
magnetometer bias, thermopile bias, and scale factor
estimation. The paper begins with a discussion of
sensor modeling, with an emphasis on thermopile sig-
nal characteristics in the presence of terrain and cloud
disturbances. Then, the sequential Extended Kalman
filtering algorithm is presented, along with a discus-
sion of how pre-flight heuristic predictions are incorpo-
rated in the event of thermopile signal degradation.
Example results are presented for nominal trajectories
and for cases in which clouds or terrain obstructions
distort thermopile outputs. Further examples demon-
strate filter performance in cases where heuristic
predictions are used in place of thermopile feedback
in the event of signal loss due to obscured visibility.
Monte Carlo simulations demonstrate estimation
accuracy in nominal and obscured visibility conditions.

SENSOR CHARACTERISTICS AND MODELING

Key to an analysis of orientation estimator perfor-
mance are accurate models of the associated sensor
package. This section details the thermopile model,
including example sensor outputs for cases in which
the horizon is obscured by terrain or clouds. Magne-
tometer modeling techniques are also described.

THERMOPILE MODEL

Flat Terrain and Clear Visibility Conditions

Thermopiles are composed of several thermocou-
ples linked together in series. Due to the amplification
of the thermoelectric effect provided by this serial
connection, they are typically used in remote tempera-
ture sensing applications. The sensor’s analog output
provides ameasurement of the difference between the
sensor’s local temperature and the far-field remote
temperature.

Thermopile outputs are driven by the total infrared
energy contained within the thermopile field-of-view
(FOV), typically represented by a cone. Consider the
geometry shown in Figure 1, in which a projectile
equipped with a thermopile sensor rotates with
respect to the horizon. The total horizon (or elevation)
angle is given by g and measures the angle between a

vector and the
!
II �

!
JI plane. The azimuth (or yaw)

angle b represents the angle of the vector projection

onto the
!
II �

!
JI plane with respect to

!
II . The

horizon and azimuth angles are constrained such that
0≤ g<2p and 0≤b<p. As the projectile rotates with
respect to the Earth-fixed frame I, differing portions
of the thermopile FOV contain ground and sky. (See
Appendix A for additional nomenclature.) Egan and
Taylor [12] showed experimentally that the IR
radiance of the ground is consistently higher than that
of the sky, and that the sky appeared “coldest” when
looking directly upward and “warmer” near the
horizon. In [8], Rogers et al. approximated this
experimental data using polynomial curve fits. This
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Fig. 1–Thermopile Simulation Geometry
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data, describing IR radiance as a function of angle to
the horizon, is shown in Figure 2. Note that this data
is only valid assuming a flat horizon with no clouds
present. Also note that many thermopiles, such as
those used on-board the projectile flight tests in [8],
are equipped with an IR filtering window designed to
block wavelengths in the solar or lunar spectrum [13].

Assuming that the data shown in Figure 2
adequately represents IR radiance as a function of
horizon angle (i.e., that the horizon isflat and no clouds
are present), a closed-form solution can be obtained for
thermopile outputs as a function of projectile pitch and
yaw angles using the following expression,

V gð Þ ¼ kv ∬
C
y gð Þdbdg

¼ kv

Zg0þFOV=2

g0�FOV=2

2y gð Þ
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
FOV
2

� �2

� g� g0ð Þ2
s

dg (1)

where

g0 ¼ tan�1 cos θð Þ sin fð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
sin2 θð Þ sin2 fð Þ þ cos2 fð Þ

q
0
B@

1
CA (2)

Note that the flat-horizon assumption enables an
analytic solution to Equation (1) that would not be
straightforward if the IR radiance also depended on
azimuth angle b. The closed-form solution provided
by (1) can be used to predict thermopile outputs over
a complete roll cycle, as shown in Figure 3. Note that
in general, thermopile outputs are generally a sinusoi-
dal function of the projectile roll angle, with the sensor
bias determined by the local temperature at the
sensor itself. A detailed derivation of this thermopile

model, as well as experimental results verifying the
sinusoidal nature of thermopile outputs during rolling
flight, can be found in the authors’ previous work [8].

Terrain Considerations

Removing the flat terrain assumption significantly
complicates the thermopile modeling process since
sensor outputs could potentially be a strong function
of azimuth angle. Consider the terrain geometry
shown in Figure 4. Assume that the projectile flies
parallel to a ridgeline of constant height hT at a
distance of xT, and that the ridge is infinitely long.
Thus, when the center of the thermopile field of view
is looking straight toward the ridgeline (perpendicu-
lar to the projectile flight path) the horizon appears
significantly higher than it normally would under
flat terrain conditions. However, the apparent height
of the ridgeline decreases to zero as b approaches
zero or 180 deg at the vanishing point along the
horizon. To account for these effects, two IR emissiv-
ity curves are created: one for b=90deg, and one
for b=0 or b=180deg. These two IR emissivity
curves are shown in Figure 5 assuming xT=3km
and hT=1,500m. Note that the curves for b=0 and
b=180deg correspond to the nominal flat terrain
curve shown in Figure 2.
In Figure 5, gT changes with altitude such that

when the projectile is at or above the height of the
ridgeline, the horizon again appears flat. Thus gT is
defined as

gT ¼ tan�1 hT � z
xT

� �
if hT < z

0 otherwise

8<
: (3)

The IR emissivity curves for b=90deg and b=0
are linearly blended representing the apparentFig. 2–IRRadiance vsHorizonAngle, Flat Terrain andClearWeather
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Fig. 3–Simulated Thermopile Outputs for Complete Roll Cycle,
θ=0deg, FOV=120deg
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decreasing height of the ridge as b approaches the
vanishing point. Also, each of these blended curves
is further blended linearly with altitude such that
the IR emissivity curve at any altitude above the
ridgeline is equal to the nominal flat-terrain curve
for all b. Thus, overall IR emissivity becomes a
function of horizon angle, azimuth angle, and
altitude. An IR emissivity curve for z=0 is shown in
Figure 6 to demonstrate the nature of the function.
Generation of simulated thermopile outputs for the

flat terrain case has previously been accomplished by
solving the integral given in (1) in closed form by
describing the IR emissivity curve shown in Figure 2
by piecewise polynomials [8]. However, the terrain-
distorted IR curve shown in Figure 5 cannot easily
be described by piecewise polynomials, and thus a
closed-form solution for thermopile outputs cannot
be readily obtained. Thus, a numerical integration
scheme is used to solve (1) for simulated thermopile
outputs. A description of this numerical integration
scheme can be found in Appendix B. Figure 7 shows
simulated thermopile outputs for several roll cycles
for the example terrain disturbance case described
here, along with the flat-terrain outputs for compari-
son, for FOV=60deg and FOV=120deg. Note that
the simulated data in Figure 7 assumes z=0 and
b=90deg, indicating that the sensor is looking
directly at the ridgeline.

Figure 7 demonstrates the effect of the example
terrain disturbance on the nominal thermopile signal.
When the terrain disturbance is within the sensor
field of view, sensor outputs appear higher than
normal due to the presence of this “warm” feature.
When the ridgeline is outside the sensor field of view,
the signal returns to normal as expected. The result
is a signal distortion that appears as a temporary
phase shift (or, equivalently, a distortion in frequency)
that occurs over a portion of the roll cycle. As demon-
strated in Figure 7, the magnitude and duration of
this phase shift depends heavily on sensor field of
view. Larger fields of view will result in a lower
magnitude disturbance for longer duration, due to
the ridgeline being present longer within the field of
view but having less impact on the total sensor
response. Note that the example case considered here
actually represents something close to a worst-case
scenario, since a tall, infinitely-long ridgeline close to
and parallel to the projectile flight path will create a
very large asymmetric horizon disturbance. Thus it
can be concluded that the vast majority of terrain
disturbances occurring during flight would result in
less signal distortion than the case considered here.

Cloud Disturbances

Weather phenomena are another environmental
disturbance capable of significantly distorting ther-
mopile signals on a projectile in flight. Egan and

Fig. 4–Example Terrain Disturbance Flight Scenario
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Taylor [12] showed that clouds with high liquid water
content, specifically cumulus, stratus, and cumulo-
nimbus clouds, appear warmer than surrounding sky
to a thermopile detector. However, their experimental
tests showed that although clouds appear noticeably
warmer than open sky, the IR radiation signature
from clouds was lower than that of the earth.

In order to understand how cloud disturbances
might impact thermopile signals on-board a rolling
projectile, consider the example scenario depicted
in Figure 8. A projectile equipped with body-fixed
thermopiles encounters a cloud during flight at a
distance of xT perpendicular to the flight path. The
cloud covers a portion of the sky defined by an
azimuth angle of bC and a horizon angle of gC.
Assume that the cloud is far enough from the flight
path and high enough compared to the projectile’s
trajectory so that bC and gC remain approximately
constant. Based on the experimental data provided
in [12], an IR emissivity curve can be defined describ-
ing how IR radiance changes as a function of horizon
angle for azimuth angles containing the cloud distur-
bance, as shown in Figure 9. Note that a relatively
large value of gC=40deg and bC=60deg is chosen
for this example case. The cloud disturbance profile
shown in Figure 9 qualitatively matches Egan and

Taylor’s experimental data in that, although the
cloud appears warmer than the surrounding sky, it
does not approach the IR emissivity of the ground.
To generate simulated thermopile outputs for this

cloud disturbance example, numerical integration of
the sensor field of view is again required. Thus, IR
emissivity must be defined for all possible horizon
and azimuth angles, leading to the plot exhibited in
Figure 10, which shows IR radiance as a function of
horizon and azimuth angles. Note that the cloud
disturbance is only present between g=30deg and
g=70deg and between b=60 deg and b=120deg.
Using the numerical integration scheme described
in Appendix B, simulated thermopile outputs in the
presence of this example cloud disturbance can be
computed. Figure 11 shows simulated thermopile
outputs for two roll cycles assuming FOV=60deg
and FOV=120deg.
The data in Figure 11 shows how warm cumulus

cloud disturbances manifest themselves in thermo-
pile responses onboard a rolling projectile. While
the cloud is within the field of view, thermopile out-
puts are temporarily higher, and return to normal
once the cloud exits the field of view. Similar to the
terrain disturbance case outlined above, larger fields
of view result in the disturbance lasting longer
during a portion of the roll cycle but create a smaller
disturbance since the IR radiance from the cloud
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Fig. 8–Example Cloud Disturbance Flight Scenario
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contributes less to the overall signal. Thus, asFigure 11
demonstrates, larger fields of view tend to dissipate the
disturbance compared to smaller fields of view.
While the example above demonstrates simulated

thermopile outputs disturbed by the presence of a
single large cloud, the effect of different types of cloud
obscuration conditions must be considered in order to
evaluate the applicability of thermopile feedback to
tactical weapons systems. Flight beneath scattered
or broken cloud layers will likely contribute distur-
bances similar to combinations of the disturbance
considered in the above example. Flight above
scattered or broken cloud layers will have an opposite
effect in that “cold” disturbances will be present in
contrast to the “warm” ground. In contrast to these
scenarios in which clouds are likely to distort the
signal, flight above or below uniform overcast layers
will likely preserve the overall shape of the nominal
thermopile signal with a reduced scale factor since
cloud temperatures appear between that of the
ground and that of the sky. Because of all these com-
plications, it is imperative that any state estimator

incorporating thermopile feedback account for vari-
able scale factor and adjust online accordingly.

The finalweather disturbance scenario that requires
consideration is flight within dense clouds that
completely obscure the atmospheric IR gradient. As
the thermopile signal to noise ratio diminishes, it
becomes difficult if not impossible to estimate roll
angle with any precision from thermopile feedback.
Therefore, dealing with flight through dense clouds
requires that any orientation estimator relying on
thermopile feedback also incorporate some backup
sensor capability should this eventuality occur. These
estimator design constraints imposed by weather
disturbances motivate the incorporation of scale
factor tracking and pitch angle heuristic capability in
the estimator design presented here.

MAGNETOMETER MODELING

Modeling of three-axis magnetometers is accom-
plished by treating each measurement axis inde-
pendently. Although this requires knowledge of six
sensor-body alignment angles (two for each sensor)
compared with only three angles for a three-axis mag-
netometer, there is no need to model orthogonality
errors and thus no penalty is incurred by this indepen-
dent treatment. Measurements from each single-axis
magnetometer are modeled according to [14]

m� ¼ S ~mxccS
þ zDccS

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
~m2
y þ ~m2

z

q
þ bþ n

� �
þS 1� AFð ÞcgD cfS

scS
~my þ sfS

scS
~mz

� �
þS 1� AFð ÞsgD sfS

scS
~my � cfS

scS
~mz

� � (4)

where S represents scale factor, b is the magnet-
ometer bias, n is white noise, ~mx; ~my; ~mz are Earth’s
magnetic field resolved in the projectile reference
frame, and fs and cs are sensor alignment angles
with respect to the body (as shown in Figure 12).
The parameters AF, gD, and zD account for magnetic
field distortion caused by high spin rates (also called
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Fig. 10–IR Emissivity Curve for Example Terrain Case, gC=40deg,
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soft-iron errors). Typical projectile spin rates greater
than 10Hz induce eddy currents in the metallic
projectile body that can significantly interfere with
Earth’s magnetic field. Inclusion of these three
factors accounts for this effect within the measure-
ment model, leading to significant improvements in
estimation performance for projectile applications.
A detailed description of this effect and the three
spin-induced distortion parameters included in the
measurement model can be found in [14].

ESTIMATOR DESIGN

The estimator designed here combines feedback
from thermopiles and magnetometers in a sequential
Extended Kalman filter algorithm, producing real-
time estimates of all Euler angles, projectile roll rate,
magnetometer biases, and thermopile scale factors
and biases. In order to maintain as robust a frame-
work as possible, the estimator further incorporates
the capability to seamlessly substitute preflight pitch
angle predictions into the measurement process if
low thermopile scale factors are detected, indicating
impaired visibility conditions.

This section describes state estimator design. The
first portion outlines the plant and measurement
models used by the estimator. We then describe
the sequential Extended Kalman filter algorithm,
followed by the peak finding algorithm and deter-
mination of thermopile bias and scale factor. The
backup estimation capability relying on pitch angle
heuristics in case of obscured visibility is then
described. Finally, we discuss the advantages and
tradeoffs of the proposed filter design.

Plant and Measurement Models

Feedback to the state estimator is provided by
M single-axis magnetometers and N thermopiles
each spaced evenly about the projectile roll axis.
Within the Extended Kalman filter, thermopile
output is modeled as a sine wave with an arbitrary
bias and scale factor and frequency equal to the roll
rate. Thus, the thermopile measurement model is
given by

vi ¼ Ai sin fþ aið Þ þ Bi (5)

where vi is the ith thermopile output and Ai, Bi, and
ai represent the amplitude, bias, and phase angle
associated with the ith thermopile, respectively.
Rogers et al [8] have shown that such an approxima-
tion is valid, and can be used to determine roll angle
with reasonable accuracy. Note that this sinusoidal
approximation greatly simplifies the filter algorithm,
and, as shown in [8], is increasingly accurate for larger
thermopile fields of view.

Magnetometer outputs are modeled using (4),
which effectively compensates for scale factor, bias,
misalignment errors, and spin-induced distortion.
Since bias errors are typically the primary cause of
feedback error from magnetometer measurement
sources in smart weapons and can be difficult to
characterize during preflight calibration, bias errors
are estimated within the filter. It is assumed that
accurate calibration techniques are used to compen-
sate for scale factor, misalignment, and spin-induced
distortion errors. Rogers et al. [14] have demon-
strated that magnetometer biases can be reliably
estimated, while errors in scale factor, alignment,
and spin-induced distortion parameters often suffer
from poor observability. However, results from these
previous studies have shown that estimation of all
error parameters is largely unnecessary, and that
on-line bias estimation alone often results in signifi-
cant improvement of feedback.
The state vector used by the Extended Kalman

filter algorithm to estimate projectile orientation
and magnetometer biases is given by

!x ¼

f
θ
c
b1
b2
⋮
bM

8>>>>>>>><
>>>>>>>>:

9>>>>>>>>=
>>>>>>>>;

(5)

Kalman filters rely upon a model of the dynamic
system in order to propagate states betweenmeasure-
ment updates. The estimator proposed here models
roll angle f as a linearly-increasing function of projec-
tile spin rate, and pitch and yaw angles as first-order
random walks. These simplified dynamics are valid
assuming that the measurement update rate of the
proposed estimator is sufficiently high (greater than
100Hz, a reasonable assumption for typical onboard
electronics packages). In addition, all magnetometer
biases are modeled using a first-order random walk.
Therefore, the plant dynamic models are given by

fkþ1 ¼ fk þ _fktk þN 0; sf
� �

(6)

θkþ1 ¼ θk þN 0; sθð Þ (7)

ckþ1 ¼ ck þN 0; sc
� �

(8)

bkþ1 ¼ bk þN 0; sbð Þ (9)

Sequential Kalman Filter Algorithm

Measurements are processed using an Extended
Kalman filter, which is an industry-standard algo-
rithm used widely throughout the smart weapons
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community. At each measurement update time, mea-
surements from each sensor are processed sequen-
tially. This sequential feature presents two major
advantages. First, sequential processing of measure-
ments eliminates the need for matrix inversions
during each filter time step, greatly simplifying imple-
mentation on real-time onboard processors. Second, if
thermopile scale factors drop below a certain threshold
due to reduced visibility, the filter can remove their
measurement updates from the estimation process
without significant restructuring of the algorithm.
Each sequential thermopile update at time step k

is composed of the steps outlined in (10)-(14):
!x p

k ¼ !xk (10)

P p
k ¼ Pk (11)

for i = 1 to N

Kik ¼
P p
k G

T
ik

GikP
p
k G

T
ik þ Ri

(12)

!x p
k ¼ !x p

k þ Kik vik � Âi sin f̂k þ ai
� �

þ B̂i

� �
(13)

P p
k ¼ I � KikGikð ÞP p

k I � KikGikð ÞT þ KikRiKT
ik (14)

where (^) represents an estimated value, f̂k is the
current roll angle estimate, vik is the currentmeasure-
ment from thermopile i, andRi is a user-specified gain
value corresponding to the estimated measurement
error covariance. Thermopile amplitude Âi and bias
B̂i are monitored and stored for each thermopile
throughout the estimation process using the process
described in the next section. In (10)-(18), the (P)
superscript indicates a predicted value that will be
updated by sequential measurement updates.
Furthermore, Gik is the Jacobian of the thermopile
measurement equation with respect to the state
vector, and is given by

Gik ¼ Âi cos f̂k þ ai
� �

0 . . . 0
n o

(15)

After all N thermopile updates are complete, mea-
surement updates for each magnetometer are pro-
cessed using a similar sequential algorithm. The
magnetometer measurement update equations are
given by (16)-(22).
for j = 1 to M

Kjk ¼
P p
k H

T
jk

HjkP
p
k H

T
jk þ Rj

(16)

!x p
k ¼ !x p

k þ Kjk mjk �mpred
jk

� �
(17)

P p
k ¼ I � KjkHjk

� �
Pp
k I � KjkHjk

� �T þ KjkRjKT
jk (18)

where mjk is the current measurement from magnet-
ometer j,mpred

jk is the current predicted measurement

value for magnetometer j, and Rj is a user-specified
gain value corresponding to the estimated measure-
ment error covariance. Furthermore, Hjk is the
Jacobian of the magnetometer measurement equa-
tion with respect to the state vector, given by

Hj ¼ @mj

@f
@mj

@θ

@mj

@c
0 . . . 0 Sj 0 . . . 0

	 

(19)

The measurement update process is considered
complete after all magnetometer and thermopile
updates have been performed. A roll rate estimate
_fk is obtained by numerically differentiating fk after
each set of measurement updates.

Thermopile Bias and Scale Factor Determination

While magnetometer biases are estimated within
the Extended Kalman filter framework described in
the first section, a simple peak finding algorithm is
used to determine thermopile scale factor and bias in
real-time. Note that because thermopile signals are
reliably sinusoidal, a peak detection algorithm was
deemed sufficient to generate rough estimates of scale
factor and bias in real time. Furthermore, implemen-
tation of peak finding algorithms on onboard proces-
sors are significantly simpler than Kalman filter
algorithms, and thus these two quantities are not
included in the filter developed above.

For thermopile i, the peak detection algorithm
buffers the previous two measurement values (at k-2
and k-1 time steps) and compares the current
measurement to these two previous values. If the
k-1 measurement appears as a local maximum,
then this measurement value is determined to be
the current signal maximum for the ith thermopile
Tmax
i

� �
. Likewise, if the k-1 measurement appears

as a local minimum, then this measurement is
considered to be the current signal minimum for
the ith thermopile Tmin

i

� �
. The current signal max-

imum and minimum for thermopile i, stored until
the next maximum or minimum is available, is
then used to compute scale factor and bias for
thermopile i according to

Âi ¼ Tmax
i � Tmin

i

2
(20)

B̂i ¼ T max
i þ Tmin

i

2
(21)

Note that although this peak finding technique is
susceptible to some inaccuracies due to noise, the
low signal-to-noise ratio exhibited during nominal
operation of the thermopile sensors will enable bias
and scale factor to be obtainedwith sufficient accuracy
for use by the algorithm developed here.
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Incorporation of Pitch Angle Heuristic Predictions

Active monitoring of thermopile scale factors
enables determination of the presence of reduced visi-
bility conditions. If the projectile enters a dense cloud,
thermopile scale factors will drop drastically due to
the obscuration of the IR emissivity gradient. In such
circumstances, the estimated scale factor output from
the peak detection algorithm is likely to approach the
noise level of the sensor and little useful roll informa-
tion can be obtained. Therefore, additional informa-
tion is needed by the algorithm to complete the state
estimation problem. This information can be obtained
from preflight predictions of the flight trajectory. Gun-
launched projectiles are unique vehicles in that, due
to accurate knowledge of launch conditions and very
limited control authority, preflight predictions of the
pitch angle time history are usually accurate to well
within 10deg over the course of a flight. This stands
in contrast to guided missiles, which exhibit much
higher maneuver authority causing potentially large
deviations from prelaunch trajectory predictions.
Therefore, if scale factors are determined to be below
an acceptable threshold, preflight pitch angle heuris-
tic data is substituted in the measurement update
step and thermopile updates are not performed.

The use of preflight pitch angle predictions is
justified due to the unique characteristics of smart
weapons flight trajectories. Standard uncontrolled
dispersion patterns for indirect fire munitions aver-
age approximately 2–4 mils in cross-range and
approximately 4–8 mils in range [15]. Some portion
of this dispersion is caused by pointing errors in
azimuth and elevation at launch. In [15], Rogers
and Costello showed that, for the types of indirect
fire munitions considered here, typical pointing
errors are limited to less than about 1 deg in eleva-
tion (and are likely significantly smaller). These
tight accuracy bounds on initial elevation make it
reasonable to assume that predictions of pitch will
be accurate to better than 10 deg (likely far better)
throughout uncontrolled flight. This is especially
true since time histories of pitch angles are largely
independent of atmospheric winds, which is a
primary cause of impact point dispersion.

When considering controlled flight, it is important
to note that smart weapons suffer from severely
limited effectiveness of control actuators, which pro-
vide a capability to perform only “ballistic nudging”
[16] rather than generate significant alterations to
the flight path. Even in cases of sufficient control
authority [15], trajectory corrections are limited to
roughly 2–4mils in both range and cross-range. Thus,
even if control effectors are active during flight,
deviations in pitch caused by control actions are
typically limited to far less than 10deg compared to
preflight ballistic predictions (if this were not the case,
smart projectiles would exhibit significantly higher

control authority). Thus, the estimator proposed here
leverages this lack of maneuverability, using preflight
predictions as a backup input to the algorithm in case
obscured visibility conditions are experienced.
Before launch, preflight predictions of pitch angles

can be created using a calibrated 6DOF model of the
projectile in uncontrolled flight for a given set of ideal
launch conditions [16]. This time history is stored
on-board and indexed by the time of flight. In the
simulation studies described later, a 6DOF model is
first used to generate a reference trajectory prior to
performing the estimator simulation. A bias is then
added to the pitch angle time history to create error
in the reference trajectory, simulating the presence
of pointing errors. This perturbed time history of pitch
angles, indexed by time of flight, is then available if
required for use in the estimator. Note that for the
simulation studies performed here, biases for each
trajectory are generated with a standard deviation of
8deg as shown in Table 1. This is a very conservative
value for pitch angle errors and actual predictions
would likely be more accurate.
If all thermopile scale factors are determined to be

below a given threshold, the thermopile update steps
shown in (12)-(14) are replaced by

Kθk ¼
Pp
kC

T

CPp
kC

T þ Rθ
(22)

!x p
k ¼ !x p

k þ Kik θH � θ̂k
� �

(23)

Pp
k ¼ I � KθkCð ÞPp

k I � KθkCð ÞT þ KθkRθKT
θk (24)

where θH is the preflight prediction for pitch angle
at the current time, θ̂k is the current pitch angle
estimate, Rθ is a gain value corresponding to the
estimated error covariance of the preflight predic-
tion, and C is given by

C ¼ 0 1 0 . . . 0f g (25)

On-board implementation of this scheme is not
difficult, since a fire control computer can load a time
history of pitch angle predictions before launch
which the estimator can then interpolate at the
current time step.

Advantages of the Proposed Estimator Design

Several features of the proposed estimator make it
an attractive solution for smart weapons guidance
systems. First, the required sensor package is inex-
pensive, with a total parts cost on the order of
hundreds of dollars or less (a typical thermopile costs
on the order of tens of dollars). Furthermore, all
sensor components are capable of operation in the
presence of extremely high loads incurred at launch,
and thus state estimation can be initiated as soon as
the projectile exits the muzzle. Note that this is not
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the case for IMU-based orientation estimators, in
which accelerometers and gyros often saturate during
launch and require several seconds following launch
to initialize before reaching operational status. In
addition, the proposed design is not reliant on GPS
(used in some estimator designs for up-finding or
inertial velocity-based pitch and yaw estimates) or
on a highly-tuned projectile aerodynamic model,
which is often developed at great expense. Thus, the
proposed design has significant cost, robustness, and
cross-platform advantages that make it an attractive
design for a variety of smart weapons applications.

RESULTS

Several example and Monte Carlo simulation
results are presented in order to analyze estimator
accuracy and robustness characteristics. Example
results are first presented, including nominal, terrain,
and cloud disturbance cases. Monte Carlo simulations
follow in which filter performance is demonstrated in
typical operational environments.

Example Estimation Cases

The example projectile used for all estimation cases
considered in the results section is a typical mortar
projectile with diameter, weight, axial moment of
inertia, and transverse moments of inertia given
respectively by 81mm, 48.9N, 0.00416N-m2, and
0.0773N-m2. For all cases, muzzle velocity is 305m/s
and quadrant elevation is 0.80 rad. Figure 13 shows
altitude-range and deflection-range plots for all trajec-
tories considered here, while Figure 14 shows pitch
angle and roll rate timehistories. The sensor suite used
for all example cases consists of four thermopiles
equally spaced about the roll axis and three single-axis

magnetometers aligned with the projectile body axes.
Realistic sensor errors are incorporated into all exam-
ple cases presented here, including magnetometer
feedback errors, thermopile feedback errors, initial
guess errors, errors in pitch angle heuristic
predictions, and errors in knowledge of Earth’s
magnetic field. Furthermore, realistic magnetic field
vectors are generated randomly for each case using
the World Magnetic Model [17]. Sensor parameters
and error budgets used to generate example cases are
shown in Table 1.

The first example case explores filter performance
during nominal flat terrain and clear sky conditions.
This estimation case, shown in Figures 15–17, demon-
strates filter performance under nominal circum-
stances (3s bounds in Figures 15–22 represent the
three standard deviation error estimate output
from the Kalman filter in the form of the state error
covariance). Figure 15 shows roll angle and roll rate

Table 1—Simulation Sensor and Error Parameters

Feedback Source Description Parameter
Nominal Value for All

Simulations
Std Deviation for All

Simulations

Magnetometer Scale Factor S1, S2, S3 (nd) 1.0 0.04
Bias b1, b2, b3 (norm. units) 0.0 0.2
fS Alignment Angle fS1, fS2, fS3 (deg) 0.0, 0.0, 90.0 1.0
cS Alignment Angle cS1, cS2, cS3 (deg) 0.0, 90.0, 90.0 1.0
Spin-Induced Distortion
Parameters

AF, gD, zD See Reference [14] 0.001, 0.007, 0.0005

Noise Std. Dev. nm (norm. units) 0.01 N/A

Thermopile Scale Factor kv1, kv2, kv3, kv4 (bits) 1.0 0.04
Bias B1, B2, B3, B4 (bits) 1000 20
Roll Alignment Angle a1, a2, a3, a4 (deg) 0.0, 90.0, 180.0, 270.0 1.0
Noise Std. Dev. nt (bits) 1 N/A

Pitch Angle
Prediction

Bias (m/s) θBH (deg) 0.0 8.0

Magnetic Field Errors in Knowledge Magni-
tude of Field

ΔmN, ΔmE, ΔmD,
(norm. units)

0.0, 0.0, 0.0 0.02, 0.02, 0.02

Estimator
Initialization

Estimator Initial Angle
Guesses

f̂0; θ̂0; ĉ0 (deg) 0.0, 0.8, 0.0 360 (uniform), 3.43, 2.29

Estimator Initial Bias Guesses b̂i (norm. units) 0.0 0.0
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Fig. 13–Altitude vs Range and Deflection vs Range for Example Cases
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estimation time histories. Note that roll rate is
obtained simply by applying first-order finite differen-
cing to roll angle estimates, and thus high-frequency
noise is present in the estimate which can easily be
removed with a moving average filter if desired.
Figure 16 shows pitch and yaw angle estimation time
histories, while Figure 17 shows tracking of thermo-
pile scale factor and bias for thermopile sensor 1. Note
that scale factor and bias tracking plots for all other
thermopiles showed similar trends and thus are
omitted here. Figures 15 and 16 demonstrate that esti-
mation performance is reasonably accurate, showing
overall estimation errors less than 5deg for all Euler
angles in this nominal case. These error levels would
be sufficient for feedback tomost smart weapons control
systems, which typically require less than 10deg of
error in roll and less than 5deg of error in pitch and yaw.

The second example case illustrates estimator
operation during periods in which the IR emissivity
gradient between ground and sky is temporarily
obscured by clouds (i.e., flight through dense scattered
or broken clouds). In this example, the projectile enters

a dense cloud at approximately 26.5 sec and exits the
cloud at approximately 31 sec after launch. During this
period, thermopile scale factors are reduced to near
zero and the estimator uses preflight pitch angle pre-
dictions rather than thermopile feedback as input into
the estimation algorithm. Figure 18 shows thermopile
feedback from sensor 1 during this period, as well as
scale factor tracking by the estimation algorithm for
this sensor. Note that within a single roll cycle the
estimator can detect the sudden change in scale factor
and can switch operational modes. Figures 19 and 20
demonstrate Euler angle and roll rate estimation
performance for this case. Note a relatively seamless
transition is exhibited as the algorithm transitions
into and out of this sky-obscured period, and overall
estimation errors are maintained at less than 5deg
for all Euler angles. Again, feedback signals are accu-
rate enough that they are suitable for use in typical
smart weapons flight control algorithms.
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Fig. 14–Pitch Angle and Roll Rate Time Histories for Example Cases
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Fig. 15–Roll Angle and Roll Rate Estimation Error, Example
Case 1
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Example 1

0 5 10 15 20 25 30 35 40
0

50

100

150

200

T
he

rm
op

ile
 S

ca
le

 F
ac

to
r (

bi
ts

)

0 5 10 15 20 25 30 35 40
1000

1100

1200

1300

1400

T
he

rm
op

ile
 B

ia
s 

(b
its

)

Time (s)

Fig. 17–Scale Factor and Bias Tracking for Thermopile 1,
Example 1

19Rogers and Costello: A Low-Cost Orientation Estimator for Smart ProjectilesVol. 59, No. 1



Two additional examples explore the effects
of terrain and cloud disturbances on overall esti-
mation performance. In particular, the ridgeline
example and the cloud disturbance example
discussed earlier are considered in Examples 3
and 4 respectively. Note that disturbances to
thermopile signals have the greatest impact on
roll angle estimates, since thermopile feedback is
the primary source of roll angle determination,
and thus only the effect on roll estimation perfor-
mance is discussed here. Furthermore, in order
to isolate the effects of terrain and cloud distur-
bances, all other sensor errors such as scale factor
errors, biases, and misalignments are set to zero.
Example 3 considers roll angle estimation

performance given the ridgeline terrain scenario.
For this example, thermopile outputs were simu-
lated over an entire flight using the terrain model

previously described. Figure 21 shows roll angle
estimation error for this case. First, note that esti-
mation error takes the form of a moving bias that
is greatest when the projectile is at low altitudes
and zero when the projectile is at or above the
altitude of the top of the ridgeline (since at or
above this altitude the horizon again looks flat).
Also note that maximum estimation error, occur-
ring during launch and near impact, is limited to
less than 10 deg. Recall that the ridgeline scenario
considered here is a 1,500m tall infinitely-long
ridgeline parallel to the flight path at a distance of
approximately 3km. This geometry is extremely poor
in comparison to the vast majority of combat engage-
ment scenarios, and thus represents something like
a worst-case situation. However, even in this poor geo-
metry roll estimation error is limited to approximately
10deg, which is adequate performance for most
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Fig. 18–Thermopile Outputs and Scale Factor Estimates for
Thermopile 1, Example 2
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Example 2
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Example 2
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projectile guidance systems. As expected, pitch and
yaw estimation performance did not noticeably suffer
from these terrain effects and thus are not shown.

Example 4 explores the cloud disturbance case.
For this example, thermopile outputs were gener-
ated using the cloud disturbance model outlined
previously. Figure 22 shows a roll angle estima-
tion error time history for this cloud disturbance
case. Note that, as in the terrain disturbance
example, roll angle estimation errors are largely
limited to less than 5 deg. However, in contrast
to the terrain example, estimation errors manifest
themselves more as zero-mean noise rather than a
moving bias term. This is largely because, as seen
in Figures 7 and 11, the terrain disturbance looks
more like a phase shift (which translates to bias
in estimation error) while the cloud disturbance
appears more like a perturbation to the overall
signal, which translates to estimation error appearing
more like noise. Like the terrain example, the cloud

disturbance considered here is largely a worst-case
scenario, since cloud dimensions are similar to what
can be expected with large cumulonimbus clouds.
Therefore, in the majority of cases, estimation errors
caused by weather disturbances are likely to remain
within the bounds ofwhat is acceptable formost smart
weapons control systems. As in the terrain distur-
bance case, pitch and yaw estimation performance
did not noticeably suffer from cloud disturbance
effects and thus are not shown.

Monte Carlo Simulations

Two Monte Carlo simulations are performed
to examine estimator robustness in flat terrain
conditions. The first Monte Carlo case, consisting
of 500 simulations, assumes clear weather and flat
terrain throughout flight for all trajectories. All simu-
lation parameters are randomized according to the
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Fig. 22–Roll Angle Estimation Error, Cloud Disturbance Case
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Fig. 24–Histogram of RMS Pitch Angle Estimation Errors
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standard deviations shown in Table 1. Magnetic field
vectors for all trajectories are obtained by exercising
the World Magnetic Model at random locations on
Earth, and the trajectory profile is identical to the
trajectory used for all example simulations. For
each simulation, RMS estimation errors for each
Euler angle are recorded. Results for thisMonte Carlo
example are shown in the top histograms in
Figures 23-25, and RMS error statistics are provided
in Table 2. Note that roll angle RMS error values are
less than 3deg for all simulations, while more than
80% of RMS pitch and yaw angle errors are less than
5deg. Also note that roll angle RMS errors are consis-
tently about 1deg or larger. This is due to the filter’s
sinusoidal approximation of the thermopile signal,
which leads to some estimation error even if all other
sensor inaccuracies are minimized. Given the realistic
error assumptions incorporated in this Monte Carlo
simulation, these error levels demonstrate that the
estimator can reliably produce reasonably accurate
orientation estimates during nominalflight conditions.
A second Monte Carlo simulation is performed to

examine estimator robustness in instances in which
obscured visibility is encountered during flight. This
Monte Carlo simulation setup is identical to the first
simulation except that the projectile enters reduced
visibility conditions at some point during flight. The
time at which the cloud is encountered, and the
duration during which the projectile is inside the
cloud, is randomized over 500 simulations. Again, all
feedback and simulation parameters are randomized
as shown in Table 1. The lower histograms shown in
Figures 23–25 show RMS estimation errors for each
of the 500 simulations for all Euler angles. Note
that, as expected, roll angle estimation suffers most
from reduced visibility conditions since thermopile
feedback, which supplies a highly accurate roll
reference, is lost during this portion of flight.
Figures 24 and 25 show that pitch and yaw angle
estimates also suffer somewhat, although less
noticeably. Table 2 describes error statistics asso-
ciated with this case. Note that in both Monte Carlo
simulations over 98% of cases exhibited RMS roll
and yaw angle estimation errors of less than
10 deg, while greater than 96% of cases exhibited
RMS pitch angle estimation errors of less than
10 deg. The estimation performance demonstrated
in each of these Monte Carlo simulations roughly
corresponds to the levels of accuracy required

for effective guidance using typical smart weapons
flight control systems, and thus the estimation
framework presented here appears to provide a
promising low cost orientation solution.

CONCLUSION

An orientation state estimator for smart projectile
applications was developed. The estimator, relying
on feedback from thermopile sensors and magnet-
ometers, is designed to be low cost and rugged while
maintaining required estimation accuracy. The
estimator also makes use of heuristic information
obtained from preflight pitch angle predictions in
order to provide robustness against weather distur-
bances. First, previously-developed thermopilemodel-
ing techniques were extended in order to capture
thermopile sensor responses to terrain and atmo-
spheric disturbances. Then, an orientation estimator
was developed leveraging a sequential Extended
Kalman filter algorithm for sensor fusion and Euler
angle estimation. An extensive set of simulation
results examines estimator performance during
periods in which thermopile signals are unusable
due to sky obscuration and in cases when thermopile
signals are distorted due to terrain and weather
effects. Monte Carlo simulation results further
demonstrate estimator performance in the presence
of realistic sensor errors and environmental distur-
bances. Results consistently show that the estimation
framework provides orientation estimates with
accuracy and robustness characteristics adequate for
most standard projectile guidance systems. This
fact, coupled with the design’s affordability, make
it an attractive choice for many smart projectile
applications.

APPENDIX A: Nomenclature

AF Magnetic field attenuation factor due to
projectile spin.

Bi, bi Thermopile and magnetometer biases.
FOV Thermopile field of view.
hT Height of terrain disturbance.!IP; !JP;

!KP Projectile reference frame unit vectors.!II ; !JI;
!KI Inertial reference frame unit vectors.

~mx; ~my; ~mz Earth’smagnetic field vector components
in the body reference frame.

Table 2—Monte Carlo RMS Error Statistics.

Mean RMS Error Percent<5deg Percent<10deg

Clear Sky Cloud Case Clear Sky Cloud Case Clear Sky Cloud Case

f 1.21deg 4.43 deg 100% 71.4% 100% 98.8%
θ 3.36deg 3.69 deg 83.8% 79.6% 96.2% 97.4%
c 2.50deg 2.66 deg 88.4% 90.0% 98.4% 99.6%
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ΔmN,ΔmE,ΔmD Errors in knowledge of Earth’s magnetic
field.

m* Single-axis magnetometer measurement
value.

nm, nt Magnetometer and thermopile noise.
kv Thermpile scale factor.
Si Magnetometer scale factor.!s Single-axis magnetometer sensitive axis.
Tmax
i , Tmin

i Current thermopile signal maximum and
minimum.

V Thermopile output signal.
x, y, z Position coordinates with respect to the

inertial frameof theprojectilemass center.
xT Distance from projectile flight Path to

terrain disturbance.
y Infrared emissivity.
b Azimuth angle with respect to inertial

frame.
bC Cloud disturbance azimuth angle.
ai Thermopile field of view roll angle offset

from !JP axis.
g Angle with respect to horizon.
s White noise standard deviation.
gD Magnetic field distortion angle due to

projectile spin.
gT, gC Terrain disturbance and cloud distur-

bance horizon angle.
zD Induced axial magnetic field distortion.
fS, cS Single-axis magnetometer axial and

radial alignment angles.
f, θ, c ProjectileEuler roll, pitch, andyawangles.
θBH Bias of pitch angle pre-flight prediction.
θH Pitch angle pre-flight prediction.

APPENDIX B: Numerical Integration Scheme

Thermopile outputs can be obtained for general
environmental conditions by numerically integrating
atmospheric IR emissivity over the thermopile field
of view. The numerical integration scheme used here
casts the circle defining FOV into a set of discrete
segments, as shown in Figure B-1. First, the circular
field of view centered at (b0, g0) is divided into k annuli
spaced evenly at an angle r from the center. Each
annulus is then divided into ni segments, where ni

varies for each annulus. The center of the jth segment
is given by coordinates

b0 þ r cos
2pj
ni

� �
; g0 þ r sin

2pj
ni

� �� �
(A1)

Therefore, the function describing IR emissivity y
(b, g) can be integrated within the ith annulus using,

Vi ¼ pð tan2 iþ 1ð Þrð Þ

� tan2 irð ÞÞ
Xni

j¼1

y b0 þ r cos
2pj
ni

� �
; g0 þ r sin

2pj
ni

� �� � (A2)

Integrating over all k annuli and adding the center
circle, the thermopile output signal is obtained as,

Vi ¼ p tan2 rð Þy b0; g0ð Þ

þ
Xk
i¼1

Xni

j¼1

pð tan2 iþ 1ð Þrð Þ

� tan2 irð ÞÞy b0 þ r cos
2pj
ni

� �
; g0 þ r sin

2pj
ni

� �� �
(A3)

Note that it can be shown that as k!1 and ni!1,
the value obtained from equation (A3) approaches the
exact value of the integral shown in Equation (1).

Fig. 1–Figure B-1. Discretization of Thermopile FOV for Numerical
Integration
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