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Abstract—Gating and association are key components of target
tracking, most commonly using the predicted distribution of the
track to evaluate new measurements. While a Gaussian predicted
distribution is widely used, it is not optimal for some groups
of targets, such as fixed-wing aircraft and surface vessels. This
article introduces the Constant Acceleration and Turn Rate -
Neural Network (CAT-NN) method, which uses a neural network
to calculate the predicted distribution for such targets. Our work
can be seen as an expansion of the CAT distribution by correcting
for track uncertainty, thereby unlocking CAT distributions for a
much wider range of tracking applications.

Simulations show that the CAT-NN predicted distribution is
a better match for the true predicted distribution than both the
CAT and Gaussian distributions for a fixed-wing aircraft. It also
outperforms the Gaussian distribution in a simulation tracking
scenario with a single fixed-wing aircraft in heavy clutter.

The CAT-NN model is runtime efficient and implemented as
a custom hypothesiser component for the Stone Soup tracking
framework.

Index Terms—association, deep learning, gating, probability
distribution, stone soup, target tracking

I. INTRODUCTION

Multitarget tracking can be broken down into three compo-
nents: Detection, association and estimation. Detection is the
task of obtaining a set of measurements, using one or more
sensors. Association is the task of assigning measurements to
targets or concluding that the measurement is a false alarm or
clutter. Estimation is the task of estimating the state of a target
based on the measurements assigned to it and the predicted
state. This article focuses on association and the related task
of gating.

Association can be done in many different ways, from
the simple SNN (Suboptimal Nearest Neighbor) and GNN
(Global Nearest Neighbor) [1] methods, to more complicated
methods such as JIPDA [2] and MHT [3], to the most recent
developments in tracking using Random Finite Sets [4]. All
these association methods need to rank the potential track-
to-measurement associations with a numeric value for the
association algorithm to work. This is usually done with
a distance metric that measures the distance between the
predicted distribution of the track and the measurement.

One such distance metric commonly used in gating and
association is the Mahalanobis distance [5]. This is the
distance from one point to a distribution. To calculate the

Mahalanobis distance between the measurement, which is
itself a distribution, and the predicted distribution, we treat
the measurement as a point and replace the covariance of the
predicted distribution with the innovation covariance. While
the form of the gate is elliptical, the size needs to be decided.
Wang et al. [6] use the performance of the filter in calculating
the gate size, while Duan et al. [7] use a forecast of the residual
error. Gates consisting of overlapping Gaussians, for instance
in the case of IMM filters, have been studied among others
by Wang et al. [8].

While Gaussian predicted distributions are easy to use and
robust, they are not always optimal. This might be due to
the non-linearity of the measurement or the target motion
model. Bailey et al. [9] use Monte Carlo simulations to
find the gate for a non-gaussian PDF using a bearing-only
measurement model. Singh et al. [10] propose a set of gates,
amongst which are “wild maneuver gates” that are clearly
non-Gaussian, meant for highly maneuverable airborne targets.
And Gade et al. [11] introduce a non-ellipsoidal gate for ship-
to-measurement association.

The Constant Acceleration and Turn rate (CAT) distribution
was introduced by Gade et al. in [12], inspired by their
previous work [11]. It is based on the assumption that the
target has a constant along-track acceleration and a constant
turn rate in each scan interval. It also assumes that the along-
track acceleration and the turn rate are Gaussian distributions.
This is a reasonable assumption for certain categories of
targets, such as fixed-wing aircraft or ships, if the time between
measurements is not too long. The CAT distribution is banana-
shaped, with the width and curvature of the banana being
decided by the potential acceleration and turn rate of the target.
Gade et al. showed in [12] that in simulations using a zig-zag
vehicle trajectory, the CAT distribution outperforms Gaussian
distributions.

The CAT distribution is calculated using the initial velocity
of the tracked target, as well as standard deviations for the
acceleration and turn rate. These standard deviations are given
as parameter inputs to the tracker. It does not consider the
uncertainty of the tracked target state, i.e. the covariance
matrix of the track. In this paper the CAT-NN distribution
is presented, which includes this uncertainty.

The CAT distribution is calculated analytically. This calcu-



lation is not easily expandable to include track uncertainty.
We propose to use neural networks to estimate the target
probability density functions used for association and gating.
Artificial neural networks (NN) have successfully been used
to estimate different probability distributions [13], [14], and
have demonstrated the ability to learn complex shapes, e.g. in
[15]. Learned density functions can both give faster inference
and a more flexible framework to incorporate different motion
models.

There are several papers that use NN for association [16]—
[19], but these approaches solve association directly with
neural networks instead of learning spatial density functions.
While these methods can learn advanced association functions,
they require large labelled datasets for each tracking scenario.
NN are also used for motion prediction [20]-[23], e.g. in the
Waymo Motion Forecasting Challenge [24], but the prediction
is only used for target estimation and not association.

The rest of the article is as follows. Section II describes
the motivation for the CAT and the CAT-NN. Section III
describes the CAT distribution. The CAT-NN distribution is
introduced in section IV. Section V contains comparisons of
Gaussian distribution, the CAT distribution and the CAT-NN
distribution. Conclusions are found in section VI.

II. MOTIVATION AND SCENARIO
A. Motivation for the CAT distribution

In target tracking, it is normal to assume that the target
moves with a constant velocity between measurements. Accel-
eration is included as process noise in the form of a zero mean
Gaussian distribution. As we see it, there are two main reasons
for this. The first is that using using Gaussian zero mean
process noise allows for the use of the linear Kalman filter
when predicting the next position, which is easy to implement
and quite robust. The second reason is that in many scenarios
the actual target dynamics might be unknown. If acceleration
is equally likely in all directions it makes sense to model
it as a Gaussian distribution. And for some targets, such as
quadcopter drones, the acceleration might indeed be modelled
quite well by a Gaussian distribution.

However, there are targets for which modelling the accel-
eration as a Gaussian seem suboptimal. One such category of
targets consists of fixed-wing aircraft (if we track in the 2D
plane) and surface vessels. Somewhat simplified, we can say
that they are limited to two types of acceleration: Performing
a coordinated turn, and increasing/decreasing speed. This
difference means that the predicted distribution can be far from
Gaussian. An example is shown i Fig. 1. In both (a) and (b)
we have predicted ahead 10° state vectors with position [0, 0],
velocity [0, 1]. In (a), the acceleration for each state is drawn
from a multivariate Gaussian with o,, = 04, = 0.28%. In
(b), each state vector draws an along-track acceleration from
N (0,0, = 0.22%), and a turn rate w from N(0, 0, = 1794,
The difference between (a) and (b) motivated Gade et al.
to create the CAT distribution and to use it for gating and
association. For any given scenario o, and o, are selected
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Fig. 1: Predicted positions for a target moving with a) constant
velocity, b) with constant acceleration and turn rate. The
clearly non-Gaussian distribution in b) motivated the devel-
opment of the CAT distribution.
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Fig. 2: Fig. (a) shows the mean of a track and its 2 sigma
positional uncertainty. Fig. (b) shows the predicted positions
of that track, when it has the same motion model and initial
velocity as the track in Fig. 1b.

to match the expected motion of the target, and are called
scenario parameters by Gade et al.

B. Motivation for improving the CAT distribution

The CAT distribution predicts where the target will be after
a small time interval, given the position of the target and the
scenario paramters o, and o,. However, a track is usually
given as a state vector and an uncertainty covariance matrix.
As such, it is itself a distribution, and while it has a mean,
one cannot be certain of the target’s actual position.

Fig. 2 demonstrates the effect this has on the predicted
distribution. Fig. 2a shows the position and 2 sigma uncertainty
of the track position. Fig. 2b is analogous to Fig. 1b, i.e.
10° sampled state vectors propagated ahead one timestep. The
difference is that in addition to sampling the acceleration and
turn rate, each state vector also samples its initial position
from the track distribution. The predicted positions in Fig.
2b form a wider distribution, one that can be interpreted as a
combination of a CAT distribution and a Gaussian distribution.
The motivation for the CAT-NN is that neither the CAT nor
the Gaussian distributions are good matches for when a target
has a CAT motion model and the track has non-negligible
uncertainty.



C. Scenario and rescaling

In order for us to design and train a neural network to
generate the CAT-NN distribution we need to decide on the
input parameters. We wish to generate a predicted distribution
based on the motion of the target and the state of the track.
For simplicity we have decided to look at a 2D scenario, with
a state vector containing position and velocity. With neither
acceleration nor turn rate being tracked, these are assumed to
be zero-mean, in addition to being Gaussian. The input to the
neural net generating the predicted distribution is therefore o,
0w, and the covariance of the track.

The predicted distribution shown in Fig. 1 and Fig. 2 has
the target at the origin at ¢ = to with a speed of 1 “* heading
straight north. Fig. 3 shows a measurement being made at ¢t =
t1. This is a very particular case, and many relevant targets,
such as fighter aircraft, will have velocities greater than this by
orders of magnitude. However, any scenario can be rescaled
to be equal to the one in Fig. 3 by introducing the length unit

I* = vot and the time unit tx = At. By doing so the rescaled
velocity will be v = [ﬂ I* /t+ and the update time will be

t; = 1t*. This allows us to train the neural network for the
CAT-NN distribution on this specific scenario while still being
able to use the resulting trained network on any given scenario.
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Fig. 3: The scenario used in this article. There is a target at
the scene, and the origin is put at the target position, with the
velocity of the target pointing along-track. The velocity vector
is to scale, so the predicted position of the target is at [0,1].
A measurement is made at the next timestep.

III. CAT

This section describes the CAT distribution [12]. When an
association between a track and a measurement is made it
is usual to calculate the probability that the track and the
measurement should be associated, and compare this to other
possible associations, or the possibility of a missed detection.
A common assumption is that the target moves with a constant
velocity, which yields a Gaussian probability distribution for
the predicted position. If we assume a constant along-track
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Fig. 4: The procedure to calculate the CAT probability for a
given track and measurement. The figure is created by Gade
et al. and was first presented in [12].

acceleration and turn rate instead we obtain the CAT distri-
bution. The procedure to calculate the CAT probability for a
given target and measurement is shown in Fig. 4, and described
in greater detail below.

1) Find the position of the measurement relative to the
target. This is the Cartesian position, with the target in
the origin, and the y-axis in the direction of the target
velocity.

2) Calculate the constant along-trajectory acceleration and
turn rate needed for the target to move from its position
to the position of the measurement.

3) Find the probability of the target having this acceleration
a and turn rate w. We assume that both of these are
Gaussian distributions with known means and standard
deviations, so this probability is given by

pla,w) = e BT (g
4) Calculate the probability of the target being in the
position of the measurement. This probability is given

” (a,)
pla,w
p— 2
where J is a Jacobian matrix:
9y 9y
J- [g gw} )
da Ow

Having found the probability for this particular target-to-
measurement association, it can now be compared that of other
potential associations.

IV. CAT-NN

The CAT-NN distribution expands on CAT by including
track state uncertainty. The goal is to generate a discrete
probability distribution over the target position based on a
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Fig. 5: Density network. A convolutional decoder network that takes 8 parameters and decodes them into a discrete probability
density function. The 8 parameters are standard deviations for: position (o, 0y), velocity (o3, 0y), acceleration (o) and turn
rate (0,,), as well as the orientation of the position and velocity covariances with respect to the track velocity (6,05 and 8s,;).
We draw the output of each layer as boxes with corresponding dimensions. The output of the convolutional layers is drawn in
yellow, resize/interpolation layers are drawn in blue and the final softmax layer is drawn in purple.

track state and motion model parameters. We can generate
such distributions by simulating multiple potential trajectories.
While this strategy could be used in a tracker directly, we
found that training a neural network based on the simulated
data gave a better performance, both in terms of accuracy and
efficiency.

A. Data generation

The first step is to generate appropriate data, as this will
define how the model works.

We generate training data based on our example scenario
described in II-C, which means that the results can be rotated
and re-scaled to fit a huge range of real-life situations. The data
generation consists of two levels of sampling. The scenario-
level sampling is where we sample potential targets with
given uncertainty values. One sample represents a track with
a corresponding motion model. The track can be represented
with a position, orientation and velocity and a covariance
matrix. The motion model is a probability distribution over
acceleration and turn-rate. At this level, we only sample
standard deviation values for the Gaussian distributions for
a given target, as the mean values are already dictated by
the scenario. Then there is the target-level sampling, where
we sample concrete values from the Gaussian distributions
from the scenario level. For each target, we sample 105 sets
of position, velocity, acceleration, and turn rate. In Fig. 1b
and Fig. 2b we have presented two such examples of target-
level sampling, where the samples are forward propagated one
timestep.

For each scenario-level sample, we can generate a discrete
CAT distribution, that we can display as an image for two
dimensions. To generate such an image we propagate the
values from the target-level sampling from 7" =0to 7' =1

with time steps of 0.01. We then generate a 2D histogram with
41x41 bins over the final 10° target positions and normalize
the histogram to sum to one. We now have a set of parameters
from the scenario-level sampling and a corresponding distribu-
tion image and such pairs are what we use to train our density
network.

For the distribution parameters at the scenario level, we do
a log-scaling of uniformly sampled values. We generally want
a uniform sampling of the input space, but since the neural
network easily learned to generate distributions for tracks
with high uncertainty, we chose a log-sampling strategy where
low uncertainty values are sampled with a higher frequency,
resulting in faster model convergence.

B. Density network

We want a network where we can input target distribution
parameters and get the corresponding distribution image. Our
distributions are relatively simple, compared to other examples
from the literature [25]. Therefore, we chose a simple archi-
tecture based on a feature pyramid network decoder [26] with
8 convolutional layers, and simple nearest-neighbor upscaling
as illustrated in Fig. 5. In both Fig. 5 and Fig. 7b we have
some examples of the trained network output based on unseen
input data.

The input to the network is an 8-value parameterization
representing a distribution generated by the scenario level
sampling. The first 6 values represent the uncertainty of the
track state. This is represented as the diagonal values of the
positional and velocity uncertainty matrices in 2D cartesian
coordinates and the rotation of the positional and velocity
uncertainties. The next 2 values represent the parameters for
the target motion model, with expected standard deviation in
tangential acceleration and turn rate. For each input, we have



the corresponding distribution image as a target. We found
that using a positional sine/cosine encoding such as [15],
increased the convergence speed and gave a minuscule boost
in performance.

The Cross-Entropy loss function is a perfect match for our
application as we want the best possible overlap between the
predicted and target distributions. As we want our network to
output a probability distribution over position, we use softmax
normalization over the image to ensure the network outputs a
valid distribution.

We get the normalized probability estimate g with the
softmax over the output image,

eTuv

N<—M .,
SNy e
where x;; is the output value at index 7, j. We then calculate
the loss over the image,

“4)
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For each training step, we generated unique training sam-
ples. The final model was run through 6 - 107 samples, but
we only gained an insignificant performance increase after
1-107 samples. We used the same procedure for generating
training and test data, since every sample should be unique
as long as we are mindful of the random seed. For our use
case, we are not interested in extrapolating outside the training
range, as we specifically set this range to cover our scenario.
For large uncertainties the distributions tend towards Gaussian
and our approach is less relevant, we therefore limited our
input range to 0-3 in standard deviation and —= to 7 for the
rotational inputs. With some sporadic tests, we found that our
model could slightly extrapolate outside the training range, but
that the performance deteriorated with the distance from the
intended range.

C. Scenario

For simplicity we limited our scenario to tracking in 2D
Cartesian coordinates, with a nearly constant velocity model.
There should, in principle, be no reason why our approach
should not work for more complex scenarios. One possible
obstacle could be limits to what kind of distribution a neu-
ral network can learn. These types of scenarios have been
explored in other works [25]. The kind of training data that
can be either collected or generated can certainly also limit
the use of our approach for more complex scenarios. Perhaps
the most prominent reason however to discard our approach,
is that it provides no real benefit for scenarios where the
positional uncertainty is larger than 2 times the expected target
displacement between observations, as the distributions then
tend towards Gaussian.

V. COMPARISON

CAT-NN is introduced as an alternative to the CAT distri-
bution, which in turn was introduced as an alternative to the
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Fig. 6: The trajectory used for comparing CAT, CAT-NN and

Gaussian predicted distributions. It is the simulated trajectory

of a fighter jet.

Gaussian predicted distribution. It is therefore natural to com-
pare the CAT-NN with the CAT and Gaussian distributions.
We will do this in two different ways.

The first comparison we make is comparing the CAT, CAT-
NN and Gaussian distributions to the true distribution. We
do this by calculating the Bhattacharyya coefficient, which is
a metric for the similarity between two distributions. If they
are identical the coefficient equals 1, while a coefficient of 0
means there is no overlap at all.

The second comparison we make is to apply the CAT-
NN distribution and the Gaussian distribution to a simulated
tracking scenario. We use the simulated trajectory of a fighter
jet and the Stone Soup [27]' tracking framework to generate
detections and clutter.

A. Comparing with the true predicted distribution

Gade et al. [12] demonstrate that the CAT distribution can
be used in association and gating when there is no track
uncertainty, and showed that it was a good match for the true
distribution. As the CAT-NN was designed to include track
uncertainty, we wish to examine how it compares to the CAT
and Gaussian distributions for different magnitudes of track
uncertainty.

Fig. 6 shows the trajectory used by Gade et al. [12].
We added track uncertainty to the track at each timestep
and calculated the true distributions, as well as the CAT-
NN, CAT, and Gaussian distributions. This is done for 10
different magnitudes of track uncertainty. An example of the
different distributions is shown in Fig. 7. The track uncer-
tainties are similar in X and y dimensions but with minor
random variations for each timestep. The magnitude of the
track uncertainties is of the order of e’ for track uncertainty 1.

Thttps://github.com/dstl/Stone-Soup



(a) True distribution (b) CATNN distribution

(c) CAT distribution (d) Gaussian distribution

Fig. 7: The true predicted distribution at a sample timestep
from a simulation with significant track uncertainty, as well
as the predicted CAT, CAT-NN and Gaussian distributions.

For the lowest track uncertainty (i = 1), we have that 02 ~ e!,

while for the highest track uncertainty we have o, ~ ¢!'°, and
similar for 05. The example distributions in Fig. 7 were created
using the highest track uncertainty. The velocity covariances
agw and agy are approximately one-quarter of the positional
uncertainties.

The mean and standard deviation of the Bhattacharyya
coefficient over the entire trajectory were calculated for CAT,
CAT-NN, and Gaussian distributions, compared to the true dis-
tribution. This was done for each of the 10 magnitudes of track
uncertainty. The result is shown in Fig. 8. The figure clearly
shows that with low track uncertainty, the CAT distribution
is close to the true distribution. However, its performance
falls as the uncertainty increases. The performance of the
Gaussian distribution is the opposite, gradually improving the
Bhattacharyya coefficient with rising track uncertainty. The
CAT-NN performs well over the entire span of uncertainties.
It compares well to the CAT distribution for low track un-
certainties and becomes more Gaussian-like as the uncertainty
increases.

B. Single target tracking

We ran tests in a single target tracking scenario using the
Stone Soup tracking framework, to verify that the CAT-NN
distribution is more than a theoretical tool. Again, we use
the trajectory shown in Fig. 6, and simulate measurements
by adding noise to the trajectory and randomly sample clutter
measurements, in line with a standard Stone Soup procedure.

We extended the PDAHypothesiser in StoneSoup to use our
CAT-NN model. Then we first assembled a simple single-
hypothesis tracker (SHT) using Probabilistic Data Association
(PDA), and later a multi-hypothesis tracker (MHT), basing
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Fig. 8: The mean Bhattacharyya coefficient for the whole tra-
jectory as a function of the magnitude of the track uncertainty.
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Fig. 9: Ratio of tracker updates that are inside the cutoff range
of 2000m from the ground truth.

much of it on ready-made Stone Soup components. To focus
the analysis on our extension, we only consider a single target
tracking scenario, where the tracker is initiated with the true
initial position and velocity. No new tracks are generated, nor
is the track deleted. Our multi-hypothesis tracker pruned the
track tree each timestep to retain the 5 best potential tracks.

For our CAT-NN model, we used a fixed normalized ac-
celeration distribution of o, = 0.3 and turn-rate distribution
0, = %. The magnitude of the track uncertainty due to
the measurement uncertainty and the target dynamics was
log(c?) ~ 6.

The simulations were carried out using clutter rates of
[200, 300, 400, 500, 600, 700], running the scenario 100 times
for each clutter number. This allows us to calculate the average
performance for each clutter rate.
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Fig. 10: Average OSPA distance for CAT-NN and Gaussian

distributions (GaussP) with a cutoff distance of 2000m, using

clutter numbers [200, 400, 600]. We filled in the standard deviation around the mean to express the variation. The top row
evaluates the current real-time best hypothesis, while the bottom evaluates the trajectory of the highest-scoring track at the

end.

A simple way to measure performance is to see how often
the reported track position is close to the target. We define a
cut-off distance of distcyit—ops = 2000 meters and calculate
the ratio of timesteps where the reported track position is in-
side the cutoff distance. In Fig. 9 we show how this ratio trails
off when the clutter increases. The performance of the SHT
tracker, using either CAT-NN or Gaussian distribution, was
quite poor, and prompted us to create the MHT tracker. When
running simulations we experienced that the SHT tracker was
easily seduced by clutter, and was in general unable to recover.
Interestingly, the SHT demonstrated worse performance when
using the CAT-NN compared to Gaussian distribution for high
clutter rates. While the CAT-NN generally matched less with
clutter tracks, the clutter it did match had a more detrimental
impact. A clutter match could result in more drastic turns,
throwing the algorithm off track.

Fig. 9 also shows the performance of the MHT tracker using
CAT-NN and Gaussian distributions. It is clear that in this
scenario, MHT is far superior to SHT using PDA. It is also
clear that the CAT-NN outperforms the Gaussian distribution.

To further investigate the performance of CAT-NN we cal-
culated the average OSPA [28] score for different clutter rates,
using our MHT. In our single target case with neither track
initiation nor deletion, the OSPA score defaults to the root
mean square error (RMSE), though with a cut-off distance.
As the OSPA metric is included in the Stone Soup framework,
we chose to use this rather than implement our own RMSE
or other metric.

In Fig. 10 we see that the OSPA score is lower, and thus

better when using the CAT-NN distribution. In the top row, we
report real-time results, using the track position as reported
each timestep. Here we see sharp spikes for both trackers,
coinciding with the sharp turn of the target. In the sharp
turns, both trackers can fall prey to track seduction, with the
tracker giving a high association score to one or more clutter
measurements that match well with the predicted distribution.
However, the CAT-NN is unlikely to be completely thrown off
track, since consecutive high-scoring clutter is rare due to the
CAT-NN distribution being less expansive. For each spike in
Fig. 10, the Gaussian model settles on a higher OSPA distance,
indicating that some tracks fall off completely. The CAT-NN
seems to be able to bounce back faster, as the spikes are less
pronounced, and at a higher rate since the distance settles back
at a lower level.

In the bottom row of Fig. 10, we show the batch results
of the MHT, meaning we evaluate the final trajectory of
the highest-scoring track at the end step. In this setting, the
difference between CAT-NN and Gauss seems even more
pronounced as the spikes from seduced tracks are diminished,
highlighting how CAT-NN is more likely to maintain track.

VI. CONCLUSION

The CAT distribution introduced by Gade et al. [12] can be
an improvement of the commonly used Gaussian distribution,
for gating and association. The range of scenarios where
CAT is an improvement is however limited since it does not
include the track uncertainty. While including track uncertainty
analytically can be complicated, we demonstrated that it can
be fairly easily estimated by a convolutional neural network.



Simulations have shown that the CAT-NN distribution is
a good match for the true predicted distribution for different
magnitudes of track uncertainty for a target with a CAT motion
model. In this it is superior to the CAT distribution, which is
only applicable when the track uncertainty is really low, and
Gaussian distribution which is only a good match when the
uncertainty is relatively high.

Furthermore, the CAT-NN outperforms the Gaussian dis-
tribution when tracking a single target with a CAT motion
model in a clutter-dense environment. Our simulations show
that while MHT trackers using either distribution might mo-
mentarily struggle in sharp turns, the CAT-NN distribution
gives the hypothesis with the true detection a higher score,
and thus the tracker recovers much quicker.

The performance of the SHT compared to the MHT is worth
emphasizing. We would expect the CAT-NN to perform better
than the Gaussian distribution in our scenario, since it is a
better match for the true predicted distribution. However, we
experienced that the Gaussian distribution performed better
when using an SHT, though both distributions performed
poorly. It was only with the implementation of an MHT that
the CAT-NN showed the promised improved performance.

As for further work, there are a few clear paths. The tracker
used in our simulation used a linear 2D Kalman filter, with
a state vector consisting of position and velocity. One might
argue that since we are looking specifically at targets per-
forming coordinated turns one might get greater performance
from the tracker using an estimator that is designed for such
movements. This might be an IMM-filter, or we might expand
the state vector to include the turn rate. In the latter case, the
turn rate would be an additional input to the neural network.
This would mean creating new training and test data sets, but
the fundamental idea would be the same. Indeed, the concept
of using a neural network to estimate a predicted distribution
can in theory be applied to any state vector or motion model.
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