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Guided airdrop systems have traditionally used position and velocity information from a
GPS receiver as their only source of feedback. The use of additional sensors in the guidance
units is challenging because sensors in the guidance unit are in close proximity to powerful
electric motors. Furthermore, there is a large amount of relative motion between the
guidance unit and the parachute as they are coupled by a flexible network of rigging lines.
By placing sensors in the parachute itself, it is possible to obtain accurate estimates of the
canopy motion and orientation with low-cost sensors requiring minimal calibration.
Specialized in-canopy sensor pods were developed to provide distributed sensing throughout
a parachute canopy and a sensor fusion algorithm was developed to combine the raw data
from these sensor pods into useful canopy state estimates. The effectiveness of this approach
is demonstrated first in simulation, and then with flight test results on full-scale airdrop
systems. Closed loop steering control using in-canopy sensor data feedback on a guided
airdrop system is shown to provide dramatic enhancements in heading tracking capability.
The rich feedback signal available from in-canopy sensors can provide improved datasets for
more detailed system identification as well as enabling novel guidance, navigation and
control approaches which will lead directly to improved landing accuracy.

Nomenclature
𝑇𝐼𝐵

= rotation matrix from inertial reference frame to body reference frame

𝑇𝑆

= rotation matrix from body reference frame to sensor i reference frame

𝑖

→

𝑟𝐶𝐺→𝑆

= vector from body center of mass to sensor i location

𝑥, 𝑦, 𝑧
ϕ, θ, ψ
𝑥˙, 𝑦˙, 𝑧˙

=
=
=
=
=
=

𝑖

𝑝, 𝑞, 𝑟
𝑚
𝐼𝑇
𝐹𝐴, 𝑀𝐴

position in inertial reference frame
roll, pitch, and yaw angles
velocity in inertial reference frame
rotational velocity in body reference frame
system mass
system inertia tensor
=

canopy aerodynamic force and moment

𝐹𝐴𝑀, 𝑀𝐴𝑀 = canopy apparent mass force and moment
𝐹𝑆

= payload aerodynamic force

𝐹𝑊

= weight force

𝑏
𝑐
α
β
𝑏
ρ
𝐴, 𝐵, 𝐶=
𝑃, 𝑄, 𝑅
𝐴𝐺𝑈
𝐼𝐶𝑆𝑃
𝑇𝑅𝑊
𝐺𝑃𝑆
𝐺𝑁𝐶

=
=
=
=
=
=

canopy span
canopy main chord
angle of attack
sideslip angle
canopy span
air density
apparent mass coefficients
= apparent inertia coefficients
= autonomous guidance unit
= in-canopy sensor pod
= total rigged weight
= global positioning system
= guidance, navigation, and control

Introduction

G

LIDING parachutes represent a simple type of aircraft to control in the sense that the canopy will quickly

stabilize to a unique lateral and longitudinal trim point with a fixed control input. This means that lateral control can
be achieved by simply controlling heading. Longitudinal control is not necessary but can be achieved by controlling
airspeed if desired. The challenge in the control problem is that heading angle and airspeed are not typically
measured on a guided airdrop system. Traditionally, precision guided parafoil systems have used GPS as their only
feedback signal. From the position and velocity information proved by the GPS receiver, a navigation filter must be
used to estimate critical states such as heading, airspeed and wind velocity.
The autonomous guidance unit (AGU) for an airdrop system is placed at the base of the rigging lines. The
guidance unit consists of all of the sensing, actuation, and computation components in a compact enclosure. This
creates a number of challenges for providing useful feedback. The compact AGU implies that any sensors will be in
close proximity to powerful electric motors used to steer the parachute. Guided airdrop systems have been
developed which incorporated additional sensors beyond a single GPS receiver into the guidance unit, [1] [2] [3].
Carter et. Al, for instance, described early efforts to obtain heading with a dual antenna GPS receiver, which was
successful but prohibitively expensive [3]. They describe and present results for a guided airdrop system which used

a single-antenna GPS coupled with inertial sensors, however magnetometer data was not used due to the
electromagnetic interference problem.
Even if a solution is developed which provides extremely accurate heading information of the guidance unit, the
flexible network of rigging lines that connects the guidance unit to the parachute results in significant relative
motion between the two. It is of course the heading of the parachute, not the guidance unit, which needs to be
controlled. The problem of relative motion between the guidance unit and parachute canopy has been well studied,
and efforts have been made to identify and model this motion with 7, 8, and 9 degree of freedom models to capture
the relative roll, pitch, and yaw dynamics [Slegers], as well as higher order models to attempt to capture relative
translation [4] [5] [6].
Gorman and Slegers presented flight test results analyzing the relative motion between the payload and
parachute with the use of small, wireless sensors placed in the parachute itself [7]. Slegers et. Al. examined the use
of in-canopy sensors to provide accurate estimates of canopy motion on a full-scale airdrop system [8]. This strategy
allows direct feedback of actual canopy motion and completely bypasses the relative motion issue. Furthermore, the
parachute canopy is an ideal environment for the use of a magnetometer. Burdette, Costello, and Scheuermann
presented simulation results for a strategy of fusing data from multiple, low-cost inertial sensors and GPS receivers
distributed throughout a parachute canopy to provide real-time estimates of canopy motion which could be used as a
feedback signal for autonomous control [9]. This approach relies on small, in-canopy sensor pods (ICSPs) consisting
of accelerometer, gyroscope, magnetometer, barometer, and GPS sensors which can be mounted within the canopies
of a variety of airdrop systems. Each pod has a low-power wireless radio for transmitting raw sensor data to a central
processing unit mounted within the AGU, where state estimation is performed. Using the data from these pods,
robust state estimation can be performed to estimate position, velocity, orientation, and rotation rates of the canopy
itself. All sensors within the sensor pod package are low-cost and commercial grade, however the use of multiple
sensors coupled with a sensor fusion algorithm can provide accurate system state estimates without the need for
expensive and bulky tactical grade sensors.
The current work presents simulation and flight test results of the use of ICSPs to steer guided airdrop systems
based on feedback of the canopy motion. First, a description of the ICSP hardware is provided. Next, the estimation
algorithm used to fuse raw sensor data from multiple ICSPs into a useful estimate of canopy motion and orientation

is presented. A strategy for modifying a typical navigation filter used for in-flight wind speed and heading
estimation to incorporate feedback of the canopy heading angle is then provided. Simulation results are used to
demonstrate the accuracy of the sensor fusion algorithm in identifying the “true” canopy states based on multiple
sources of synthetic sensor data with realistic noise models. Flight test results from two different types of full-scale
airdrop systems are provided, demonstrating the ability of the ICSPs to provide greatly enhanced real-time feedback
and improved understanding of canopy motion. Finally, flight test results are presented demonstrating the use of
in-canopy sensor data to provide dramatically improved steering performance on a full-scale guided airdrop system.

Hardware
In-Canopy Sensors
The in-canopy sensor pod (ICSP) consists of a wireless radio module with integrated microcontroller, a 9-axis
MEMS IMU/magnetometer chip (3-axis accelerometer, 3-axis gyroscope, and 3-axis magnetometer), barometer, and
a GPS module. Currently, data from all sensors except the barometer are used for canopy state estimation. A
lithium-polymer battery powers the pod. A micro-USB connection allows the device to be charged, and
configuration parameters to be changed without re-flashing firmware.

Fig. 1 Wireless In-canopy Sensor Pod (ICSP).
The microcontroller in the ICSP reads sensor data, provides some data filtering, applies calibration corrections,
and transmits sensor data to the interface board. Accelerometer and gyroscope data are measured at 100 Hz, then
filtered with a moving average filter. Data for the IMU, magnetometer, and barometer is transmitted at 10 Hz, while
GPS data is received and transmitted at 5 Hz.
For improved performance, the accelerometer, gyroscope, magnetometer, and barometer sensors should be
calibrated. However, the most critical sensor to be calibrated is the magnetometer since it is usually by far the most
un-calibrated from the factory. The magnetometer measurements are also affected by nearby magnetic or ferrous
materials, such as those in some other components on the PCB, so merely assembling it onto a PCB can cause it to
be severely mis-calibrated. A calibration routine was developed for the magnetometer which compensates for most
of these errors. The calibration coefficients are stored on the sensor itself, and the sensor data transmitted to the
interface board are already corrected prior to transmission.
Interface Board
For ease of integration into an AGU, hardware was developed to interface between the AGU and the wireless
network. This board has two wireless radios, a microcontroller capable of performing state estimation, datalogging
capability, and an RS-232 serial communication connection to the AGU.

Fig. 2 Interface Board.
Each radio module on the interface board has its own microcontroller, allowing it to offload message parsing
tasks from the main microcontroller. The main microcontroller has an ARM Cortex-M4 processor with integrated
floating-point unit (FPU), running at 120 MHz. This high performance MCU is capable of managing received
messages from the radios, communicating with the AGU, logging data, and performing state estimation with
in-canopy sensor data simultaneously by running a Real-Time Operating System (RTOS). The integrated FPU, along
with ARM’s CMSIS DSP software library allows the math-intensive state estimator with in-canopy sensor data to be
run in real-time, updating nominally at 15 Hz, all while requiring less than 20% of the CPU load.

Estimator Design
The basic design of this estimator was developed by Burdette, Costello, and Scheuermann [9], but has since been
modified somewhat for practical implementation into the hardware and to improve accuracy by using the
accelerometer data to augment pitch and roll estimation.
The state estimator developed for use with the ICSPs was designed meet a variety of requirements. It must be
robust enough to be tolerant of ICSP wireless disconnections, incorrect installation, and sensor component failures
and be able to maintain estimates through acrobatic maneuvers. The network is inherently asynchronous, so the

estimator was designed to be agnostic to message ordering. Of course, it must be accurate to be useful, and the use
of extended Kalman filters provides accurate state estimation. Finally, the architecture must be flexible. Any number
of ICSPs can be used within this estimator structure with minimal configuration change. Two sensors pods have
been used in T-10 canopies while three pods have been used in ram-air canopies, with minimal configuration change
With those requirements in mind, a no-reset distributed federated Kalman filter with local extended Kalman
filters was developed [9] [10]. Each ICSP is not powerful enough to perform its own state estimation, so this filter is
not truly distributed. Rather, the main MCU in the interface board runs a separate extended Kalman filter for each
pod, and then fuses those results to provide a master estimate for the canopy states. Since each pod has its own filter,
the local filters can easily be completely asynchronous. Each local filter is monitored for faults such as
disconnection, sensor saturation, incorrect pod installation/orientation, and stale data. The master filter is extremely
robust, since it can provide state estimates even if all but one ICSP has failed, albeit with reduced accuracy.
A.

Reference Frame Definitions
The inertial reference frame is a local north-east-down (NED) reference frame. The system then has a body

frame of reference, with orientation of that reference frame with respect to the inertial reference frame defined using
conventional aerospace Euler angles. Finally, each sensor has a reference frame corresponding to the actual sensor
axes of sensitivity. The canopy geometry is assumed to be rigid once the canopy has inflated, implying that the
transformation matrices between the sensor frames and the body frame are constant.
The transformation matrix between the body (B subscript) and inertial frame (I subscript), 𝑇𝐼𝐵, is defined in
terms of the body frame Euler angles as follows, where 𝑐𝑥 = 𝑐𝑜𝑠(𝑥) and 𝑠𝑥 = 𝑠𝑖𝑛(𝑥).

[

]

𝑇𝐼𝐵 = 𝑐θ𝑐ψ 𝑐θ𝑠ψ − 𝑠θ 𝑠ϕ𝑠θ𝑐ψ − 𝑐ϕ𝑠ψ 𝑠ϕ𝑠θ𝑠ψ + 𝑐ϕ𝑐ψ 𝑠ϕ𝑐θ 𝑐ϕ𝑠θ𝑐ψ + 𝑠ϕ𝑠ψ 𝑐ϕ𝑠θ𝑠ψ − 𝑠ϕ𝑐ψ 𝑐ϕ𝑐θ #(1)
→ → →

{𝐼

}

{

→→ →

}

𝐽 𝐾𝐵 = [𝑇𝐼𝐵] 𝐼𝐼 𝐽𝐼 𝐾𝐼 #(2)

𝐵 𝐵

The transformation matrices between the sensor and body reference frames, 𝑇𝑆 , are known before flight from the
𝑖

canopy geometry and the orientation of the pouches in the canopy which hold the sensor pods.
⎰→ → → ⎱ ⎡ ⎤ → → →
𝐼 𝐽 𝐾
= 𝑇 𝐼 𝐽 𝐾 #(3)
⎱ 𝑠𝑖 𝑆𝑖 𝑆𝑖 ⎰ ⎢⎣ 𝑆𝑖⎥⎦ 𝐵 𝐵 𝐵

{

}

Finally, some vectors must be defined which consist of the offset in the body reference frame of each sensor node
from the system center of mass. As with the sensor to body frame transformation matrices, these will change
depending on the actual system setup and where the in-canopy sensors are installed.
→

→

→

𝑖

𝑖

→

𝑟𝐶𝐺→𝑆 = ∆𝑥𝑆 𝐼𝐵 + ∆𝑦𝑆 𝐽𝐵 + ∆𝑧𝑆 𝐾𝐵#(4)
𝑖

𝑖

State and Output Definitions
For the implemented filter, there are 12 states per local filter (and one local filter per in-canopy sensor), 12
master filter states, and 14 output measurements. For the local filter states, the state vector is as follows.
𝑇

𝑋𝑖 = ⎡⎢𝑥𝑖, 𝑦𝑖, 𝑧𝑖, ϕ𝑖, θ𝑖, ψ𝑖, 𝑥˙𝑖, 𝑦˙𝑖, 𝑧˙𝑖, 𝑝𝑏𝑖, 𝑞𝑏𝑖, 𝑟𝑏𝑖⎤⎥ #(5)
⎣
⎦
These states are the position (𝑥𝑖, 𝑦𝑖, 𝑧𝑖) in the inertial frame, the orientation of the system in Euler angles (ϕ𝑖, θ𝑖, ψ𝑖)
the system velocity in the inertial frame (𝑥˙𝑖, 𝑦˙𝑖, 𝑧˙𝑖), and the individual in-canopy sensor gyroscope bias in the sensor
frame (𝑝𝑏𝑖, 𝑞𝑏𝑖, 𝑟𝑏𝑖). Gyro bias in general changes over time, and therefore is estimated in real time to achieve good
results.
For each of the local filters, a measurement vector is also defined.
𝑇

𝑌𝑖 = ⎡⎢𝑥𝑖, 𝑦𝑖, 𝑧𝑖, 𝑥˙𝑖, 𝑦˙𝑖, 𝑧˙𝑖, 𝑀𝑠𝑥 , 𝑀𝑠𝑦 , 𝑀𝑠𝑧 , 𝑝𝑏𝑖, 𝑞𝑏𝑖, 𝑟𝑏𝑖, ϕ𝑖, θ𝑖⎤⎥ #(6)
𝑖
𝑖
𝑖
⎣
⎦
The position and velocity outputs (𝑥𝑖, 𝑦𝑖, 𝑧𝑖, 𝑥˙𝑖, 𝑦˙𝑖, 𝑧˙𝑖) come from the GPS measurements, the magnetic field
outputs (𝑀𝑠𝑥 , 𝑀𝑠𝑦 , 𝑀𝑠𝑧 ) are the magnetic field measurements in the sensor reference frame, the gyro bias outputs (
𝑖

𝑖

𝑖

𝑝𝑏𝑖, 𝑞𝑏𝑖, 𝑟𝑏𝑖) come from comparing the master filter estimated rotation with the individual sensor gyroscope
measurement, and the orientation outputs (ϕ𝑖, θ𝑖) are generated from the accelerometer measurements.
The master filter states are then defined as follows.
𝑇

𝑋𝑚 = ⎡⎢𝑥𝑚, 𝑦𝑚, 𝑧𝑚, ϕ𝑚, θ𝑚, ψ𝑚, 𝑥˙𝑚, 𝑦˙𝑚, 𝑧˙𝑚, 𝑝𝑚, 𝑞𝑚, 𝑟𝑚⎤⎥ #(7)
⎣
⎦
The position, orientation, and translational velocity states (𝑥𝑚, 𝑦𝑚, 𝑧𝑚, ϕ𝑚, θ𝑚, ψ𝑚, 𝑥˙𝑚, 𝑦˙𝑚, 𝑧˙𝑚) are all defined in
the same way as for the local state estimators, and the m subscript denotes this is the master state. The final states,
rotational velocity states (𝑝𝑚, 𝑞𝑚, 𝑟𝑚), are the system’s rotational velocity in the system body frame. Note the states
in this position are not estimating gyro bias, as they were for the local filters.

State Propagation Equations
The local filter state time derivatives are as follows.
⎡⎢𝑥˙ 𝑦˙ 𝑧˙ ⎤⎥ = ⎡⎢𝑥˙ 𝑦˙ 𝑧˙ ⎤⎥#(8)
⎣ 𝑖 𝑖 𝑖⎦ ⎣ 𝑖 𝑖 𝑖⎦
𝑇

⎡⎢𝑥¨ 𝑦¨ 𝑧¨ ⎤⎥ = 𝑇 𝑇⎡⎢𝑇 ⎤⎥ ⎡⎢𝑎 𝑎 𝑎 ⎤⎥ + [0 0 𝑔 ]#(9)
𝐼𝐵
⎣ 𝑖 𝑖 𝑖⎦
⎣ 𝑆𝑖⎦ ⎣ 𝑥𝑖 𝑦𝑖 𝑧𝑖 ⎦
𝑇
𝑠ϕ 𝑐ϕ
⎤⎡ ⎤
⎡⎢ϕ̇ θ̇ ψ̇ ⎤⎥ = ⎡⎢1 𝑠 𝑡 𝑐 𝑡 0 𝑐 − 𝑠 0
⎥
𝑇
𝑝𝑔𝑦𝑟𝑜 − 𝑝𝑏𝑖 𝑞𝑔𝑦𝑟𝑜 − 𝑞𝑏𝑖 𝑟𝑔𝑦𝑟𝑜 − 𝑟𝑏𝑖 #(10)
𝑐θ
𝑐θ ⎥⎢ 𝑆 ⎥
ϕ𝑖
⎢ ϕ𝑖 θ𝑖 ϕ𝑖 θ𝑖 ϕ𝑖
⎣ 𝑖 𝑖 𝑖⎦
⎣
⎦⎣ 𝑖⎦
⎡⎢𝑝˙ 𝑞˙ 𝑞˙ ⎤⎥ = [0 0 0 ]#(11) These state propagation equations use current accelerometer (compensated for the
⎣ 𝑏𝑖 𝑏𝑖 𝑏𝑖 ⎦

[ ]

𝑖

𝑖

𝑖

𝑖

[

]

gravity vector) and gyroscope (compensated with the bias estimate) data to generate the state time derivatives. These
equations are numerically integrated to propagate the state. The linearized dynamics are used to propagate the
estimation error covariance.
Output Feedback and Adaptive Kalman Filtering
For each sensor, a measurement signal used within the Kalman filter update step is generated. In the case of a
GPS measurement, the measurement signal is directly obtained from the sensor.

[𝑥𝑖 𝑦𝑖 𝑧𝑖 ] = [𝑥𝑔𝑝𝑠 𝑦𝑔𝑝𝑠 𝑧𝑔𝑝𝑠 ]#(12)
⎡⎢𝑥˙ 𝑦˙ 𝑧˙ ⎤⎥ = ⎡⎢𝑥˙ 𝑦˙ 𝑧˙ ⎤⎥#(13)
⎣ 𝑖 𝑖 𝑖 ⎦ ⎣ 𝑔𝑝𝑠 𝑔𝑝𝑠 𝑔𝑝𝑠 ⎦
For the magnetometer, the measurement in each axis of sensitivity is normalized by the total field strength before
use since the calibration routine performed on the magnetometers before flight does not correct for absolute scale
factors for each axis, but rather the relative scale factors between axes. It therefore can still provide information
about the direction of the local magnetic field, but not necessarily accurate measurements of the field strength.
⎡
⎤
𝑀𝑥
𝑀𝑦
𝑀𝑧
⎥#(14)
⎡𝑀 𝑀 𝑀 ⎤ = ⎢
⎢ 𝑠𝑥 𝑠𝑦 𝑠𝑧 ⎥ ⎢
⎥
2
2
2
2
2
2
𝑖
𝑖
𝑖 ⎦
⎣
⎢ 𝑀2𝑥 +𝑀2𝑦 +𝑀2𝑧
⎥
𝑀𝑥 +𝑀𝑦 +𝑀𝑧
𝑀𝑥 +𝑀𝑦 +𝑀𝑧
⎣
⎦
For the gyroscope, the “measured” bias is determined by subtracting the master estimate of the system rotation rates
𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

𝑚𝑎𝑔

from the raw, measured rotation rates for that sensor.

[𝑝𝑏𝑖 𝑞𝑏𝑖 𝑟𝑏𝑖 ] = [𝑝𝑔𝑦𝑟𝑜 𝑞𝑔𝑦𝑟𝑜 𝑟𝑔𝑦𝑟𝑜 ] − ⎡⎢⎣𝑇𝑆 ⎤⎥⎦[𝑝𝑚 𝑞𝑚 𝑟𝑚 ]#(15)
𝑖

Finally, accelerometer measurements are used to augment pitch and roll estimations.
𝑎𝑦

[ϕ𝑖 θ𝑖 ] = ⎡⎢⎣ 𝑎

𝑧

𝑎𝑥 ⎤⎥#(16)
⎦

𝑚𝑎𝑔

^

The corresponding expected output vector 𝑌 elements are set to their corresponding estimated values from the
system state estimates, except for the magnetometer readings since those do not have a corresponding estimated
value. Instead, a normalized estimate of the Earth’s magnetic field is generated for the system’s current location
using the World Magnetic Model [11].
⎡
⎤
𝑀𝑥
𝑀𝑦
𝑀𝑧
⎥#(17)
⎡𝑀 𝑀 𝑀 ⎤ = ⎡𝑇 ⎤ 𝑇 ⎢
⎢ 𝑠𝑥 𝑠𝑦 𝑠𝑧 ⎥ ⎢ 𝑆 ⎥ 𝐼𝐵 ⎢
⎥
2
2
2
2
2
2
2
2
2
𝑖
𝑖
𝑖 ⎦
⎣
⎣ 𝑖⎦
⎢ 𝑀𝑥 +𝑀𝑦 +𝑀𝑧
⎥
𝑀𝑥 +𝑀𝑦 +𝑀𝑧
𝑀𝑥 +𝑀𝑦 +𝑀𝑧
⎣
⎦
That magnetic field vector is in the inertial reference frame, and it is transformed into the respective sensor frame

[ ]

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

𝑚𝑜𝑑𝑒𝑙

using the estimated orientations to generate the transformation matrix. Note that this mapping is nonlinear, and so it
must be linearized to form part of the C matrix in the Kalman filtering step.
Note that the output vector measured orientation elements are generated using raw accelerometer values. This
equation is only valid if the accelerometer is measuring gravity alone, and there is minimal acceleration of the
system. While parafoils generally have reasonably smooth flights and relatively slow turns so that this equation is
approximately correct, the system can occasionally experience high acceleration. An adaptive part was therefore
added to the Kalman filter corresponding to these orientation estimates, in a similar method to that done by Li and
Wang [12]. This is done by determining the net acceleration measured and modifying the corresponding section of
the sensor noise covariance matrix accordingly. There are three states to consider: “no” acceleration, low
acceleration, and high acceleration. To determine which state the system is in, a parameter is calculated to determine
the total net acceleration.
|
|
2
2
2
α = | 𝑎𝑥 + 𝑎𝑦 + 𝑎𝑧 − 𝑔|#(18)
|
|
We then define two thresholds to determine which state we are in and modify the noise covariance matrix
accordingly.
Table 1 Measurement noise covariance updates from adaptive Kalman filter
Condition

State

Noise Covariance update

α < 𝑇𝐻𝐿

No acceleration

𝑅𝐴𝐾𝐹 = 𝑅𝑛𝑜𝑚𝑖𝑛𝑎𝑙

𝑇𝐻𝐿 < α < 𝑇𝐻𝐻

Low acceleration

𝑅𝐴𝐾𝐹 = 𝑅𝑛𝑜𝑚𝑖𝑛𝑎𝑙 + 𝑑𝑖𝑎𝑔(0, …, 0, κα , κα )

𝑇𝐻𝐻 < α

High acceleration

𝑅𝐴𝐾𝐹 = 𝑅𝑛𝑜𝑚𝑖𝑛𝑎𝑙 + 𝑑𝑖𝑎𝑔(0, …, 0, 𝑊, 𝑊)

2

2

In this framework, κ is a parameter chosen to scale the noise covariance additions according to the level of net
acceleration sensed. W is some large value, which effectively forces the filter to ignore this data until the net
acceleration is reduced to a lower level.
Distributed Federated Kalman Filter
The distributed federated Kalman filtering approach consists of carrying out the local filter operations disjoint
from each other, and then combining them to generate a so-called master state estimate, which is the best estimate of
the system states. Performing filtering this way versus the traditional centralized Kalman filter in which all data is
processed at once is computationally more efficient and offers more robust error detection and fault handling.
There are numerous methods for performing the local filter state merging step, with varying degrees of
optimality, efficiency, and robustness. Only the method used here, unweighted averaging, will be discussed here.
Unweighted Averaging
In this version of the filter, the states from the N local filters are combined as an unweighted average. There is no
master Kalman filter, but rather a simple merging step that combines the results from the local filters. Of course, care
must be taken when averaging the orientations, due to their periodic nature.

[

]

𝑥𝑚 𝑦𝑚 𝑧𝑚 =

(

[ϕ𝑚 θ𝑚 ψ𝑚 ] = ⎡⎢⎢𝑎𝑡𝑎𝑛2
⎣

1
𝑁

𝑁

∑ sin 𝑠𝑖𝑛 ϕ𝑖 ,

𝑖=1

⎡⎢𝑥˙ 𝑦˙ 𝑧˙ ⎤⎥ =
⎣ 𝑚 𝑚 𝑚⎦
𝑁

1
𝑁
1
𝑁

(

1
𝑁

𝑁

([

] [ ]𝑇

𝑖=1

𝑁

) (

∑ cos 𝑐𝑜𝑠 ϕ𝑖 𝑎𝑡𝑎𝑛2

𝑖=1
𝑁

)

→

∑ 𝑥𝑖 𝑦𝑖 𝑧𝑖 − 𝑇𝐼𝐵 𝑟𝐶𝐺→𝑆 #(19)

(

1
𝑁

𝑖

𝑁

∑ sin 𝑠𝑖𝑛 θ𝑖 ,

𝑖=1

( )
→

𝑇
∑ ⎡⎢𝑥˙𝑖 𝑦˙𝑖 𝑧˙𝑖 ⎤⎥ − 𝑇𝐼𝐵 ⎡⎢𝑆 ω 𝐵
⎣
⎦
𝐼
⎣
𝑖=1

[ ]

𝑇

→

1
𝑁

𝑁

) (

∑ cos 𝑐𝑜𝑠 θ𝑖 𝑎𝑡𝑎𝑛2

𝑖=1

1
𝑁

𝑁

∑ sin 𝑠𝑖𝑛 ψ𝑖 ,

𝑖=1

)

⎤𝑟
⎥ 𝐶𝐺→𝑆 #(21)
𝑖
⎦

)

∑ ⎡⎢𝑇𝑆 ⎤⎥ 𝑝𝑔𝑦𝑟𝑜 − 𝑝𝑏𝑖 𝑞𝑔𝑦𝑟𝑜 − 𝑞𝑏𝑖 𝑟𝑔𝑦𝑟𝑜 − 𝑟𝑏𝑖 #(22)
𝑖=1 ⎣ 𝑖⎦
This method is computationally efficient and allows for fairly robust error checking since the local filter results

[𝑝𝑚 𝑞𝑚 𝑟𝑚 ] =

1
𝑁

[

]

can all be compared to each other and outliers rejected. It is also extremely flexible, since if more sensors are added,
the summation simply changes. If one sensor powers off mid-flight, the system can recognize this, and simply ignore
it during the summation process.

Simulation
A.

Summary
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A 6-DOF parafoil simulation environment was developed in order to test the estimator against truth data, using
the model described in [13]. Synthetic ICSP data with realistic error sources is generated within the model, and
provided to the ICSP estimator. This simulation also allows flight software to have closed loop control over the
simulated system, and the flight software generates its own estimates of certain states, such as heading and heading
rate, from AGU GPS data alone. The estimates from the flight software using only AGU GPS and the ICSP
estimates are compared to truth data to gauge their accuracy.
System Dynamics
The system states consist of the position in a North-East-Down reference frame (𝑥, 𝑦, 𝑥), the orientation defined
by Euler angles (ϕ, θ, ψ), the ground-relative body-frame velocity (𝑢, 𝑣, 𝑤), and the ground-relative body-frame
rotation rates (𝑝, 𝑞, 𝑟).
𝑇

𝑋 = [𝑥, 𝑦, 𝑧, ϕ, θ, ψ, 𝑢, 𝑣, 𝑤, 𝑝, 𝑞, 𝑟] #(23)
The kinematics equations for the system are therefore:

{𝑥˙ 𝑦˙ 𝑧˙ } = [𝑇𝐼𝐵]𝑇{𝑢 𝑣 𝑤 }#(24)
{ϕ̇ θ̇ ψ̇ } = [1 𝑠ϕ𝑡θ 𝑐ϕ𝑡θ 0 𝑐ϕ

]

− 𝑠ϕ 0 𝑠ϕ/𝑐θ 𝑐ϕ/𝑐θ {𝑝 𝑞 𝑟 }#(25)

Where the matrix 𝑇𝐼𝐵 is a rotational transformation matrix from an inertial reference frame to the body reference
frame.
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𝑇𝐼𝐵 = 𝑐θ𝑐ψ 𝑐θ𝑠ψ − 𝑠θ 𝑠ϕ𝑠θ𝑐ψ − 𝑐ϕ𝑠ψ 𝑠ϕ𝑠θ𝑠ψ + 𝑐ϕ𝑐ψ 𝑠ϕ𝑐θ 𝑐ϕ𝑠θ𝑐ψ + 𝑠ϕ𝑠ψ 𝑐ϕ𝑠θ𝑠ψ − 𝑠ϕ𝑐ψ 𝑐ϕ𝑐θ #(26)
The dynamics equations are then formed as:
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Where 𝑚 is the system mass, 𝐼𝑇 is the system inertia matrix, 𝐹𝐴, 𝑀𝐴 are the aerodynamic force and moment
vectors in the body reference frame, 𝐹𝐴𝑀, 𝑀𝐴𝑀 are the apparent mass force and moment vectors in the body
reference frame, 𝐹𝑆 is the payload drag in the body reference frame, 𝐹𝑊 is the weight vector in the body reference
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𝐵

𝐵

𝐵

frame, 𝑆ω is the cross-product matrix of angular velocity in the body reference frame, and 𝑆𝐶𝐺,𝑃, 𝑆𝐶𝐺,𝑆, 𝑆𝐶𝐺,𝑀 are the
cross-product matrices of the vector from the center of mass to the aerodynamic center, payload, and apparent mass

𝑡ℎ

center, respectively. 𝐹𝐵𝐴 is the aerodynamic force vector caused by activation of the 𝑖

bleed air actuator, and

𝑖

𝐵

𝑡ℎ

𝑆𝐶𝐺,𝐵𝐴 is the cross-product matrix of the vector from the center of mass to the location of the 𝑖 bleed air actuator.
𝑖

The aerodynamic force and moment perturbations from bleed air actuators are summed over the 𝑁 actuators in the
system. The weight force is given by the following, where 𝑚 is the system mass and 𝑔 is the gravitational
acceleration.

{

}

𝐹𝑊 = 𝑚𝑔 − 𝑠θ 𝑠ϕ𝑐θ 𝑐ϕ𝑐θ #(29)
The aerodynamic forces are then generated as follows. First, the aerodynamic translational and rotational velocities
are calculated, taking into account the wind model.

{𝑢𝐴,𝐶𝐺 𝑣𝐴,𝐶𝐺 𝑤𝐴,𝐶𝐺 } = {𝑢 − 𝑢𝑤𝑖𝑛𝑑 𝑣 − 𝑣𝑤𝑖𝑛𝑑 𝑤 − 𝑤𝑤𝑖𝑛𝑑 }#(30)
{𝑝𝐴,𝐶𝐺 𝑞𝐴,𝐶𝐺 𝑟𝐴,𝐶𝐺 } = {𝑝 − 𝑝𝑤𝑖𝑛𝑑 𝑞 − 𝑞𝑤𝑖𝑛𝑑 𝑟 − 𝑟𝑤𝑖𝑛𝑑 }#(31)
The payload aerodynamic loads are then formed. First the aerodynamic velocity of the payload in the body frame is
found, then the forces are calculated.

{𝑢𝑆 𝑣𝑆 𝑤𝑆 } = {𝑢𝐴,𝐶𝐺 𝑣𝐴,𝐶𝐺 𝑤𝐴,𝐶𝐺 } + 𝑆𝐵ω𝐴,𝐶𝐺 {∆𝑥𝑆 ∆𝑦𝑆 ∆𝑧𝑠 }#(32)
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𝑢𝑆 + 𝑣𝑆 + 𝑤𝑆#(33)

{

}

ρ𝑉𝑆𝑆𝑆𝐶𝐷𝑆 𝑢𝑆 𝑣𝑆 𝑤𝑆 #(34)

Where ρ is the air density, 𝑆𝑆 is the payload reference area, and 𝐶𝐷𝑆 is the payload drag coefficient. The canopy
aerodynamics are then calculated as follows.
~~ ~

{𝑢 𝑣 𝑤 } = [𝑇𝐵𝐶]({𝑢𝐴,𝐶𝐺 𝑣𝐴,𝐶𝐺 𝑤𝐴,𝐶𝐺 } + 𝑆𝐵ω{∆𝑥𝑐 ∆𝑦𝑐 ∆𝑧𝑐 })#(35)
~ ~~
{𝑝 𝑞 𝑟 } = [𝑇𝐵𝐶]{𝑝𝐴,𝐶𝐺 𝑞𝐴,𝐶𝐺 𝑟𝐴,𝐶𝐺 }#(36)
𝑇𝐵𝐶 = [𝑐Γ 0 − 𝑠Γ 0 1 0 𝑠Γ 0 𝑐Γ ]#(37)
Where Γ is the canopy incidence angle, and 𝑇𝐵𝐶 is the single axis transformation matrix from body reference frame
to the canopy reference frame.
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Where 𝑏 is the canopy span, 𝑐 is the canopy main chord, α is the angle of attack, β is the sideslip angle, δ𝑎 is the
asymmetric control input, and 𝐶𝑙𝑝, 𝐶𝑙𝑟, 𝐶𝑙δ𝑎, 𝐶𝑚𝑞, 𝐶𝑛𝑝, 𝐶𝑛𝑟, 𝐶𝑛β, 𝐶𝑛δ𝑎 are all aerodynamic coefficients.
The bleed air actuators are each modeled as follows, in the body reference frame.
𝐹𝐵𝐴 =
𝑖

Here, 𝐶𝑑𝐵𝐴 is a drag coefficient, 𝐶𝑙𝐵𝐴

⎰
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2
ρ𝑉𝐴𝑆𝐵𝐴 − 𝐶𝑑𝐵𝐴δ𝐵𝐴 0 − 𝐶𝑙𝐵𝐴δ𝐵𝐴 #(43)
⎱
⎰
𝑖
𝑖
is a lift coefficient, 𝑆𝐵𝐴 is the reference area of the bleed air model, and δ𝐵𝐴 is
1
2

the normalized line position of the actuator (actual line position divided by maximum line displacement).
Parafoils have a low mass-to-volume ratio, so apparent mass effects substantially contribute to the system
dynamics. The apparent mass force and moments equations create a coupling between the rotational and
translational system dynamics, so that the total system dynamics must be found as a matrix solution. Define the
following.
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𝐵

𝐵

𝑖=1
𝑁

𝑖

𝐵

𝐵

[ ]
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𝐼𝐴𝐼 = [𝑇𝐵𝐶] [𝑃 0 0 0 𝑄 0 0 0 𝑅 ][𝑇𝐵𝐶]#(47)

𝐼𝐴𝑀 = 𝑇𝐵𝐶 [𝐴 0 0 0 𝐵 0 0 0 𝐶 ] 𝑇𝐵𝐶 #(46)
Then, solve the following system of equations.
⎡⎢𝑚[𝐼] + ⎡⎢𝐼' ⎤⎥ − ⎡⎢𝐼' ⎤⎥𝑆𝐵 𝑆𝐵 ⎡⎢𝐼' ⎤⎥ 𝐼 + ⎡⎢𝐼' ⎤⎥ − 𝑆𝐵 ⎡⎢𝐼' ⎤⎥𝑆𝐵 ⎤⎥{𝑢˙ 𝑣˙ 𝑤˙ 𝑝˙ 𝑞˙ 𝑟˙ } = {Φ 𝑀 }#(48)
𝐶𝐺,𝑀⎣ 𝐴𝑀⎦ 𝐶𝐺,𝑀 ⎦
⎣
⎣ 𝐴𝑀⎦
⎣ 𝐴𝑀⎦ 𝐶𝐺,𝑀 𝐶𝐺,𝑀⎣ 𝐴𝑀⎦ 𝑇
⎣ 𝐴𝐼⎦
Where 𝐴, 𝐵, 𝐶, 𝑃, 𝑄, 𝑅 are apparent mass and apparent inertia coefficients from the surrounding fluid that is
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accelerated by the canopy as it is in motion.
Wind Model
Airdrop system performance is greatly affected by wind conditions. It is therefore critical that an accurate wind
model is used within the simulation environment. The wind field used in the simulation consists of the combination
of an altitude-varying mean wind field and turbulence. The continuous Dryden turbulence model is used here, as
described in Military Specification MIL-F-8785C [14].
Synthetic Sensor Data Generation

This simulation has the ability to generate synthetic ICSP and AGU GPS data. If multiple ICSPs are present,
their data is generated asynchronously. All sensor data is generated at a nominal rate, with some jitter in the actual
rate. Each sensor type has a noise and error model. It is assumed that the system is effectively rigid, so that rigid
body kinematics apply between the system truth states and the sensors within the canopy. Pseudo-random errors are
added to the simulated positions and orientations of the sensors compared to what the estimator uses.
1. GPS
The GPS sensor model provides position, velocity, and time data. The position and velocities are generated by
using the truth states from the parafoil simulation and adding exponentially correlated Gaussian noise. The true
value of the GPS sensor is 𝑦𝑘, 𝑣𝑘 is the measured value, and 𝑛𝑘 is the measurement noise. This data is then
discretized into the integer values used within the real system.
𝑣𝑘 = 𝑦𝑘 + 𝑛𝑘#(49)
−

𝑛𝑘 = 𝑒

∆𝑡
τ

−

𝑛𝑘−1 + ξ𝑘 1 − 𝑒

2∆𝑡
τ

#(50)

ξ𝑘~𝑁(0, σ)#(51)
Accelerometer
A 3-axis accelerometer model provides the acceleration vector at a point of interest. First the truth acceleration
values are generated from the simulation model, including the gravity vector. Scale factor errors and cross-axis
sensitivity are applied. Then, bias values are added, modelled as a random walk process. Next, zero-mean Gaussian
noise is added to each axis. Finally, the accelerometer data is discretized into 16-bit signed integer values for each
axis, saturating as necessary.
Gyroscope
A 3-axis gyroscope model generates angular velocity vector data on a body of interest. First the truth rotational
rate values are generated from the simulation model. Scale factor errors and cross-axis sensitivity are applied. Then,
bias values are added, modelled as a random walk process. Next, zero-mean Gaussian noise is added to each axis.
Finally, the gyroscope data is discretized into 16-bit signed integer values for each axis, saturating as necessary.
Magnetometer
A 3-axis magnetometer model provides the Earth’s magnetic field vector data at a point of interest. First the truth
magnetic field values are generated using the World Magnetic Model. Scale factor errors and cross-axis sensitivity

are applied. Then, bias values are added, modelled as a random walk process. Next, zero-mean Gaussian noise is
added to each axis. Finally, the magnetometer data is discretized into 14-bit signed integer values for each axis,
saturating as necessary.
Barometer
First, a truth pressure value is generated using the following equation, where 𝑃 is pressure in pascal and ℎ is
altitude in meters.
−0.000118599*ℎ

𝑃 = 101325𝑒
#(52)
Zero-mean Gaussian noise is added to the pressure value, and the measurement is discretized.
Results
1. MC4/5 System
The estimator was tested in simulation with a model of a MC4/5 system. The MC4/5 is a retired personnel
ram-air parafoil with typical TRW range of 200-500 pounds. This canopy is shown in Fig. 13. For this simulation,
the sensor error model parameters are shown in Table 2.
Table 2 Sensor model error parameters.
Parameter

Value

Parameter

Value

GPS horizontal velocity σ

0.2m/s

GPS horizontal position σ

2.0m

GPS horizontal velocity τ

1.0s

GPS horizontal position τ

20.0s

GPS vertical velocity σ

0.2m/s

GPS vertical position σ

3.0m

GPS vertical velocity τ

1.0s

GPS vertical position τ

20.0s

Accelerometer noise std. dev.

0.01g

Magnetometer noise std. dev.

0.5μ𝑇

Gyro noise std. dev.

0.25°/s

Gyroscope initial biases

2.5°/s

Accelerometer initial biases

0.003g

Magnetometer initial biases

2.5μ𝑇

The position is tracked accurately throughout the flight, with typical position estimation error of a few meters.
The errors throughout a representative simulation are shown in Fig. 3.

Fig. 3 Errors in ICSP position estimates.
The ICSP estimator is also able to accurately track heading and heading rate. Fig. 4 shows these truth states, as well
as the ICSP estimate and the GPS-only estimate as the flight software performs a turn for system identification near
the start of flight. The ICSP estimate is much closer to the truth state than the GPS-only estimate. In particular, the
heading rate estimate is able to track changes with much less lag.

Fig. 4 Heading and heading rate truth and estimates during start of flight for simulated MC5.
Indeed, throughout the entire simulated flight, the ICSP heading and heading rate estimates are typically much better
than the GPS-only estimates. Fig. 5 shows the heading and heading rate estimation errors throughout the simulated
flight. The heading rate error especially is much better for the ICSP estimator. Since it uses data from the in-canopy
gyroscopes, it can recognize changes in heading rate quickly, while the GPS-only estimator must observe these
changes through inertial position and velocity changes; this inherently adds lag.

Fig. 5 Heading and heading rate estimator errors for simulated MC5 flight.
T-10 7TU System
As it is a steerable round canopy, the T-10 7TU is a much slower system than parafoil systems. This forces
consecutive GPS datapoints closer together in space, and makes the task of estimating heading and heading rate with
only GPS much more difficult. This canopy can turn nearly in place, changing its heading without changing the
information that GPS can provide. When this occurs, heading is unobservable to the GPS-only estimator.
The T-10 simulation here is able to reproduce the typical turn response, airspeed, and glide ratio of a real
system, but is not able to reproduce heading instabilities seen in real round systems. Without continually adjusting
the control inputs, a round canopy will not fly straight, but this simulation will. Nonetheless, it provides insight into
the functionality and abilities of the ICSP estimator.
At the start of flight, the flight software performs a slow turn for system identification. As Fig. 6 shows, the ICSP
estimator is able to more accurately track the heading and heading rate than the GPS-only estimator. During the
relatively straight section of flight between 50s and 300s, the GPS-only estimator has a poor estimate of heading.
The GPS-only estimator is interpreting inertial position and velocity change due to a change in drive direction as a
change in wind field, and thus arrives at poor heading, heading rate, and wind field estimates.

Fig. 6 Heading and heading rate truth and estimates for a simulated T-10 7TU.
Fig. 7 shows the wind shift that occurs near the ground during this simulation. Since the wind field estimator uses
the system heading, it is able to recognize the wind shift much more accurately using the ICSP estimator feedback
than GPS-only.

Fig. 7 Wind field truth and estimates using both ICSP and GPS-only heading estimate within wind field
estimator for a simulated T-10 7TU.
Since the ICSPs use a low-cost MEMS gyroscope, biases of a few degrees per second can be expected, and the
biases are time varying so they cannot simply be calibrated away during manufacturing. However, these biases are a
part of the estimator and are eliminated over time for each sensor. Fig. 8 shows the full ICSP rotation rate estimates.
The pitch rate (𝑞) estimate shows most clearly how the gyroscope bias estimation proceeds throughout the flight.

Fig. 8 Rotation rate truth and estimates for a simulated T-10 7TU system.
Fig. 9 shows how the ICSP estimator is able to track heading and heading rate much better than the GPS-only
estimator, especially in relatively long, straight sections during the middle of flight. The GPS-only estimator requires
turns to accurately estimate heading, heading rate, and the wind field simultaneously, so it struggles during constant
or near constant heading flight. Due to the heading instability of the T-10 system, it is expected that the relative
performance of the ICSP estimator will be even better for a real system than it is for this simulated system.

Fig. 9 Heading and heading rate estimation errors for a simulated T-10 7TU system.

GNC Integration
Existing guided airdrop flight software was modified to enable the use of in-canopy sensor feedback for closed
loop control of a parachute system [TODO cite papers on xfly]. For initial testing, minimal modifications were made
to the navigation and control algorithms in the flight software.
The standard navigation problem for guided airdrop systems centers on the solution of the vector diagram Fig.
10. The ground track velocity is measured with GPS. Airspeed can be determined from system identification
techniques, accomplished either using previous flight data or in real-time. However, with only an assumed airspeed
and a measurement of the ground track vector, a unique solution to the vector diagram does not exist. The solution
employed for typical airdrop systems is to gather measurements over varying heading angles and solve the resulting
vector diagrams simultaneously by assuming a constant wind vector. This is typically done in real-time using an
extended Kalman filter [15]. The filter is tuned based on the assumption that the wind should vary slowly, and as
long as there is significant variation in the ground course the filter will remain stable. Note that solution of the vector

diagram does not directly yield an estimate of the heading angle ψ, but rather the azimuth angle χ0. The two are
related by the sideslip angle β, which is normally assumed to be negligible for airdrop systems.

Fig. 10 Vector Diagram Decomposing Ground Track Vector.

If an estimate of the heading angle can be provided using data from the in-canopy sensor pods, solution of the
vector diagram is greatly simplified. In fact, if the typical assumptions of known airspeed and negligible sideslip are
made, the vector diagram can be solved directly and no navigation filter is required. However, these same
assumptions also represent drawbacks to this approach. While a nominal value for the airspeed may be known to a
fairly high degree of accuracy, there can be substantial variations in the system’s airspeed as it maneuvers or
encounters turbulence. Similarly, while it should be a safe assumption that the sideslip angle is nominally zero, the
system may develop significant sideslip angles as it maneuvers and encounters turbulence. Furthermore, the heading
measurement provided from the ICSP state estimator is not perfect, so some noise and possibly bias from the true
heading is expected.
The approach taken here is to use an extended Kalman filter similar to the one used for standard airdrop
navigation. The filter is formed based on the same vector diagram, with the system heading angle and ground track
vector provided as measurements. The states in the filter are the wind vector components, the filtered heading angle

estimate, and error terms representing variations in true heading from the measurement and true airspeed from the
assumed airspeed. The equations defining the state and measurement update equations for the filter are given below.
Table 3 State Prediction Equations for Navigation Filter.
States

xP,k+1

=

fk

+ nk

North Wind Component (m/s)

𝑉𝑊𝑋,𝑘+1

=

𝑉𝑊𝑋,𝑘

+ 𝑛𝑉𝑊

East Wind Component (m/s)

𝑉𝑊𝑌,𝑘+1

=

𝑉𝑊𝑌,𝑘

+ 𝑛𝑉𝑊

Heading (rad)

ψ𝑘+1

=

ψ𝑘

+ 𝑛ψ

Heading Error (rad)

∆ψ𝑘+1

=

∆ψ𝑘

+ 𝑛∆ψ

Airspeed Error (m/s)

𝑉𝐸,𝑘+1

=

𝑉𝐸,𝑘

+ 𝑛𝑉𝐸

Table 4 Measurement Update Equations for Navigation Filter.
Measurement

vk

=

gk

+ wk

North GPS Velocity Component (m/s)

𝑉𝑋,𝑘

=

𝑉0𝑐𝑜𝑠(ψ ) + 𝑉𝑊𝑋,𝑘
𝑘

+ 𝑛𝑉𝐺𝑃𝑆

East GPS Velocity Component (m/s)

𝑉𝑌,𝑘

=

𝑉0𝑠𝑖𝑛(ψ ) + 𝑉𝑊𝑌,𝑘

+ 𝑛𝑉𝐺𝑃𝑆

Measured Heading (rad)

ψ𝑀,𝑘

=

ψ𝑘 + ∆ψ𝑘

+ 𝑛ψ𝑀

𝑘

The airspeed used for the measurement update equations, V0, is simply the sum of the assumed nominal airspeed
plus the airspeed error state in the filter, VE. These state and measurement relationships are used to develop a
standard extended Kalman filter.
To demonstrate the performance of this filter, it is first tested in simulation. The flight dynamic model above for
the T10 7TU system was developed for validation purposes [TODO this was not the same simulation!]. The heading
angle measurement provided to the filter is simply the actual heading of the canopy from simulation with a gaussian
noise component having a 5-degree standard variation. For comparison purposes, the standard navigation filter used
for airdrop systems which utilizes only feedback from the AGU GPS is run at the same time as the updated filter.
The simulation was run from a release altitude of 5000 ft and used a typical wind profile composed of a slow
variation in strength and direction along with higher frequency turbulence.

Fig. 11 Heading estimates from updated navigation filter compared to the standard GPS based filter and
simulated truth data.
Fig. 11 compares the heading estimates from the updated navigation filter and the standard GPS based navigation
filter to the simulated truth heading. As expected, the heading estimates from the updated filter track much more
closely to the true vales than the typical GPS based navigation solution. The GPS based estimate lags significantly
and also tends to drift from the true value during portions of the flight where the system is flying at an
approximately constant heading. The estimates from the updated filter track much more closely since an actual
heading measurement is provided and the filter only needs to reject a small amount of noise in the measurement.
Fig. 12 demonstrates the performance of the updated filter in estimating both airspeed and wind speeds. The
airspeed error term in the filter allows for slightly improved estimation of the airspeed compared to the assumption
of a constant nominal value. Of greater importance is the improvement in wind speed estimation. By including the
heading measurement in the updated filter, the increased observability of the wind vector allows the updated filter to
track changes in the wind much more rapidly than is possible with the conventional GPS based navigation solution.

Fig. 12 Airspeed and wind speed estimates from updated navigation filter compared to the standard GPS
based filter and simulated truth data.

Flight Testing
To test the ICSP state estimator, it was run in real-time during flights of two different types of airdrop systems,
both based on retired personnel parachutes. The first type of system utilizes an MC-4/5 ram-air canopy. Ram-air
canopies have become the standard for guided airdrop systems. The second type of canopy is a modified T-10 round
parachute, which offers lower gliding performance but also lower cost compared to a ram-air parachute.
Heading and heading rate are shown for one flight of each type of system flown with the estimator. Although
the ICSP estimator provides a full state estimate of position, velocity, orientation, and rotation rates, heading and
heading rate are of most interest. These states are critical to GNC, yet can be difficult to estimate using only GPS,
especially in cases of significant sideslip, or minimal ground speed such as when flying into the wind.

A.

MC-4/5 Flight Test Results
The first system uses an MC4/5 canopy. This system, shown in Fig. 13, typically has a total rigged weight

(TRW) of between 200 and 500 lbs. Three ICSPs are used within this canopy, one at each wingtip and one near the
center. Each pod is mounted inside a pouch sewn into a rib of a cell.

Fig. 13 Example MC-4/5 system, canopy sensor pod mounting locations near the center and wind tips are
indicated by rings.
Fig. 14 shows the heading and heading rate estimates for an MC4/5 flight. The ICSP estimator and GPS-only
estimator results are shown, as well as heading and heading rate calculated in post-processing from GPS data. This
post-processing method is non-causal, so cannot be used in-flight, but represents a better truth reference than the
in-flight GPS-only estimate. Throughout the flight, the ICSP estimates are often closer to the post-processed results
than the in-flight GPS-only estimates, indicating the ICSP estimator is producing trustworthy estimates.

Fig. 14 Heading and heading rate estimates for the MC4/5 system.
Fig. 15 examines a section of a flight of the MC4/5 system. The ICSP estimate and post-processed GPS estimate of
heading rate match quite closely. The in-flight GPS estimate tends to overshoot during heading rate changes.

Fig. 15 Heading and heading rate estimates for a section of a MC4/5 system flight.

Aggressive maneuvers can be unobservable, or nearly so, to the GPS-only estimator, and while they could be
useful for shedding altitude under windy conditions, such maneuvers are typically avoided since they would need to
be performed open-loop. On the other hand, the ICSP estimator is able to provide state estimates throughout highly
acrobatic turns. During flight testing, the MC4/5 system was intentionally flown into a right-hand spiral. Fig. 16
shows the heading and heading rate estimates for the system throughout this maneuver.

Fig. 16 Heading and heading rate estimates through a spiral on the MC4/5 system.
The ICSP estimator is able to sense the right-hand turn, and continually estimate heading throughout. The
heading rate estimate also is around the expected magnitude. GPS-only estimation is completely unable to perform
heading or heading rate estimation throughout this spiral, and even estimates a heading rate in the wrong direction.
Modified T-10 Flight Test Results
The behavior of the modified T-10 is quite different from a ram-air gliding parachute. The modified T-10 can be
manufactured for a much lower cost than a comparably sized ram-air parachute, but it is capable of a glide slope of
only 0.6 compared to typical glide ratios of 2-3 for ram-air parachutes. This low glide ratio means that the T-10 has a
much lower forward airspeed, which makes it even more difficult to separate the air-relative component of the

canopy velocity from the measured ground track. Coupled with low yaw-inertia, this makes the modified T-10 a
particularly difficult type of parachute to steer when using only GPS feedback from the AGU.

Two sensor pods are installed in the T-10 system, one on each side of the canopy. Fig. 17 shows the setup of this
system.

Fig. 17 Example T-10 7TU system, canopy sensor pod mounting locations on each side indicated by rings.
Fig. 18 shows the heading and heading rate estimates for a T-10 7TU flight. For this system, GPS-only
estimation is difficult. Unlike the previously shown ram-air parafoil systems, this canopy can nearly turn in place,
changing its heading without changing the position or velocity measurements available from GPS. In addition, its
slow airspeed means it can easily be blown backwards by wind. In such a case, it is difficult from GPS alone to tell
if the system has turned, or it is being blown backwards.

Fig. 18 Heading and heading rate estimates for a T-10 7TU system.
Fig. 19 shows a section of the flight in Fig. 18 in more detail. The post-processed GPS estimate shows more
oscillations in heading rate than the in-flight GPS estimate, and the oscillations tend to match well with those
determined by the ICSP estimator, indicating it is providing higher fidelity feedback on the system’s motion.

Fig. 19 Heading and heading rate estimates for a section of a T-10 7TU system flight.

Closed Loop Control of T-10 System
Flight tests of a guided airdrop system using ICSP estimator data for closed loop control were performed. A T-10
7TU system was outfitted with two sensor pods, inserted into pouches on each side of the canopy, as seen in Fig. 17.
The system flown in these tests had a TRW of 250 lbs.
This system has minimal glide slope capability, but it is steerable. However, due to its slow ground speed,
GPS-only GNC struggles to accurately estimate heading for this system, especially when steering into the wind.
Previous testing of this system with GPS-only GNC has seen significant oscillation in heading angle as the canopy
steers towards the target, on the order of 160° peak to peak. Consequently, the effective glide slope of the canopy is
reduced as the system flies tight S-curves towards the target. Fig. 20 shows the heading oscillations for an example
flight which used only the onboard AGU GPS for feedback.

Fig. 20 Heading and heading rate estimates for a flight of the T-10 7TU system using AGU GPS based
navigation.
Fig. 21 shows the ground track for this flight. The system was released too far away from the target to return all
the way, but its difficulty in maintaining heading also impacted its ability to track to the target. At the start of flight,
the flight software performs a long right-hand turn for initialization, after which the system attempts to steer to the
target.

Fig. 21 Ground track of a flight of the T-10 7TU system using AGU GPS based navigation.
The system was also tested using the ICSP estimator for GNC feedback. Heading oscillations were reduced. In
all three test flights, the canopy turned to the target after the initialization turn and was able to use nearly all of its
gliding capability. Fig. 22 shows the heading and heading rate for one of the flights. The ICSP estimator is able to
accurately estimate heading and heading rate throughout the flight. The in-flight GPS-only estimate performs poorly
at estimating the heading rate throughout the flight, typically underestimating the true oscillations in heading rate
achieved. Critically, even where the in-flight GPS-only heading estimate is similar to the in-canopy sensor estimate,
it shows a delay of a couple seconds. This is expected, since the GPS-only heading estimate must observe movement
over multiple datapoints to determine heading, while the ICSP estimator can use the magnetometer data to directly
determine the heading, without requiring translational movement. The delay in observing heading change is a likely
contributor to the large oscillations in heading seen when using GPS alone for feedback.

Fig. 22 Heading and heading rate estimates for a flight of the T-10 7TU system using ICSP based navigation.
Fig. 23 shows the ground track for this guided T-10 flight using the ICSP estimator for feedback. The GNC used
here performs a right-hand turn after deployment for wind-speed estimation and system identification. During that
turn, the system drifts with the wind. It then immediately turns toward the target, and flies at it, resulting in a
28-meter miss distance. Due to the wind pushing the system away from the target, an unguided flight would have
landed many hundreds of meters away. Some oscillation in heading is still visible in this flight, the flight track is
much improved compared to the previous flight.

Fig. 23 Ground track for a flight of the T-10 7TU system using ICSP based navigation.
The benefits of the in-canopy sensor data are further illustrated by examining the heading tracking
performance from the flights discussed above in detail. Fig. 24 shows the commanded and estimated heading angles
for an example flight which used only the AGU’s GPS for navigation and steering control. The plot starts after the
initialization phase is completed and stops when the system lands. The system was unable to reach the target, so the
commanded heading remains relatively constant as the system struggles to make progress towards the target. Note
the large oscillations in the estimated angle.

Fig. 24 Commanded and estimated headings for a flight of the T-10 7TU system using AGU GPS based
navigation.
Fig. 25 shows the commanded and estimated heading angles for a flight which used data from the in-canopy
sensors for navigation and steering control. During this flight, the system spent the majority of the flight tracking
east towards the target before turning south to face into the wind and land near the target. Oscillations in the
estimated heading are still present, however the system is able to do a much better job tracking the commanded
heading compared to the flight using only AGU GPS data. The in-flight heading estimates derived from the AGU
GPS and the in-canopy sensor data are shown together on this plot. Note that the ICSP estimate leads the GPS
estimate by a few seconds. Furthermore, the GPS heading estimate occasionally diverges from the ICSP estimate by
as much as 30 degrees. These divergences in the GPS heading estimate are a result of the difficulty in deriving an
accurate heading estimate from the GPS ground track, which is particularly pronounced on the T-10 system due to
its low airspeed.

Fig. 25 Commanded and estimated headings for a flight of the T-10 7TU system using ICSP based
navigation.
Since both flights under examination contain long periods of flight where the system is attempting to maintain a
nearly constant heading, it is possible to perform a side-by-side comparison of the heading tracking performance.
Segments from two minutes of each flight, both starting 60 seconds into the flight, are examined. Fig. 26 shows the
heading error, the difference between the commanded and the in-flight estimate of heading angle. This clearly shows

the dramatic improvement in heading tracking that has been obtained by utilizing the in-canopy sensor data for
navigation and steering control.

Fig. 26 Comparison of heading error (difference between commanded and estimated heading angle) when
steering from AGU based navigation vs. ICSP based navigation.
Accurate steering control can of course lead directly to increased landing accuracy by enabling more effective
tracking of the desired flight path. However, there is a secondary benefit which is particularly relevant to low-glide
systems like the modified T-10. Accurate heading tracking enables the system to make full use of its glide ratio. A
simple way to quantify this is to examine the cosine of the heading angle error, which will be referred to here as
simply “Forward Progress”. This represents an estimate of the component of the vehicle’s airspeed which is
orientated in the desired direction. If the heading angle error is zero, “Forward Progress” equals one and the system
is achieving maximum progress along the desired flight path. If the magnitude of the heading angle error is 90
degrees, the “Forward Progress” equals zero and the system is making no progress along the desired flight path. If
the magnitude of the heading angle error is greater than 90 degrees, “Forward Progress” becomes negative because
the system is actually losing ground across the desired flight path.

Fig. 27 Comparison of “Forward Progress” (the estimated fraction of nominal airspeed attained along the
commanded direction) when steering from AGU based navigation vs. ICSP based navigation.
Fig. 27 compares this forward progress metric from the two flights under examination. For the flight using AGU
GPS for navigation and steering, the oscillations are so large that the forward progress frequently drops to zero or
even goes negative. For the flight using in-canopy sensor data for navigation and steering, the forward progress is
dramatically higher and more consistent. The average forward progress over the flight segment using AGU GPS
based steering was 0.55, while the average forward progress over the flight segment using ICSP based steering was
0.94. To phrase this another way, the poor heading tracking that results when attempting to steer based on AGU GPS
alone means that the system will effectively achieve only 55% of the nominal glide ratio. By utilizing in-canopy
sensor data, the system can achieve 94% of the nominal glide ratio. The T-10 7TU has an estimated glide ratio 0.6,
so the effective glide ratio when using AGU GPS alone is only 0.33, while the effective glide ratio when using ICSP
data is improved to 0.56.
Finally, the performance of the updated navigation filter which is taking in the heading measurement from the
in-canopy based state estimator is compared to the typical GPS based filter used on current airdrop systems. There is
no true wind profile to compare to in this case, but a simple comparison between the two navigation solutions is
enlightening. Fig. 28 shows the in-flight wind estimates obtained from the conventional AGU GPS based navigation
filter vs. the estimates obtained from the updated filter that uses the in-canopy sensor data. The wind profiles look
quite similar, but it is clear that the updated filter is tracking changes in the wind much more rapidly than the

conventional GPS based filter. This promises to further enhance accuracy and robustness to variable wind conditions
by providing rapid and accurate in-flight updates to the measured wind profile.

Fig. 28 Comparison of wind estimates from AGU based navigation vs. ICSP based navigation.

Conclusion
Small, low-cost, lightweight in-canopy sensor pods have been developed which can be distributed throughout a
parachute canopy and used to provide accurate 6-DOF canopy state estimates when combined with robust sensor
fusion and state estimation algorithm. By design, this system allows for redundancy and flexibility. Any reasonable
number of sensor pods can be placed nearly anywhere in any airdrop system, and the state estimator can provide
accurate real-time state estimates for use in feedback control of the system. Even if all but one sensor fails during a
flight, the estimation algorithm will continue to function. The effectiveness of this canopy state estimation method
was demonstrated first in simulation and then in flight tests.

Recent results from performing closed-loop control of a modified T-10 system using the estimates provided
by this state estimator indicate that reduced miss distances and improved offset capabilities will be possible using
this feedback signal. In particular, the poor heading tracking performance achieved with this system when using the
AGU GPS for navigation and steering control meant that only 55% of the nominal glide ratio could be effectively
achieved in flight. In contrast, the use of state estimates derived from in-canopy sensor data enabled the system to
achieve 94% of the nominal glide ratio. The reduced cost of the T-10 system compared to other systems, combined
with enhanced effectiveness using ICSP state estimation, could drive further use of guided airdrop systems in the
field.
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