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ABSTRACT
In this paper we present a generative model to track a random-
walk target trajectory. We use Markov chain Monte Carlo
(MCMC) sampling techniques to infer the most likely pa-
rameters for our model and we propose a data-driven tech-
nique to compute the proposal distribution.

Our generative model consists of a set of legs of motion that
independently describe each sub-interval of the target tra-
jectory. This approach allows a robust method for describing
maneuvering ground-based targets that follow a trajectory
that cannot be modeled by standard linear and Gaussian
assumptions.

We evaluate our approach against a large number of sample
trajectories obtained from a military tank simulation. We
compare the performance of our model against the Kalman
filter and show that our model achieves a better estimation
over 75% of the time and is more tolerant of large and non-
Gaussian sources of measurement noise.

Our results suggest that a generative model coupled with
MCMC sampling provides an effective technique for tracking
ground-based targets.

1. INTRODUCTION
In this paper we present a new method to track maneuver-
ing ground targets that reduces the overall system uncer-
tainty when compared to existing methods. Tracking ground
targets is an important topic for both military and civilian
applications (e.g., battlefield surveillance, target acquisition
and engagement, traffic surveillance, computer vision, and
signal processing). Reducing the uncertainty in this process
can lead to increased situational awareness, increased effec-
tiveness of weapon systems, and decreased collateral damage
on the military side; and better traffic control and smarter
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vehicle knowledge systems on the civilian side.

The challenge in target tracking lies in dealing with noisy,
sparse measurements of the target and trying to estimate
the truth state of that target. When the trajectory of the
target is non-linear or non-Gaussian, or when the measure-
ment noise is non-linear or non-Gaussian, traditional track-
ing techniques are challenged. Further, although lots of work
has been done to track air- and sea-based targets, less effort
has been spent studying maneuvering ground-based targets
(e.g, tanks) [10].

In this paper we consider the random-walk target motion
model [5], which is a good model for describing ground-based
maneuvering targets [2, 14]. The random-walk model differs
from others in that it exhibits non-linear and non-Gaussian
motion and can not accurately be described by any linear-
dynamic system, as we will show. We obtain sample trajec-
tories from a military tank simulation [14].

To accurately track a random-walk target trajectory in the
face of noisy measurements, we propose a model that stochas-
tically generates a trajectory to closely match the measure-
ments. Our model generates a set of legs to comprise the
trajectory, where each leg has a set of associated parameters
to describe its behavior. Using Bayesian statistical inference
and Markov chain Monte Carlo (MCMC) sampling, we can
fit our model to the set of measurements and we can then
describe the target trajectory and make predictions about
its future behavior.

Using a leg-based model allows us to accurately estimate
past and future locations of a ground-based target as well
as learn the general behavior of other ground-based targets.
Further, using MCMC sampling allows us to achieve bet-
ter estimations of the target state when compared to tra-
ditional techniques, such as analytical solutions or filtering
processes [8].

1.1 Target Tracking
The goal of target tracking is to estimate the dynamic state
of an observed target. In the general setup, a set of noisy
observations are generated from some sensing device and
the task is to estimate the trajectory (past, present, and/or
future) of that target. Depending on the type and accuracy
of the sensing device, and the previous knowledge of the
target motion, many different approaches can be taken to
track the target. These include linear estimation processes,



particle filtering, and various optimization techniques.

Common to all approaches is the idea that the motion of
the target should be described by some mathematical model
with sufficient accuracy [10]. These models usually take the
form of a state-space model, although many others have also
been proposed. The goal of all of the models, however, is
to describe how the target state evolves over time, and thus
how to track a target.

1.2 Previous Work
Li and Jilkov [10] provide an excellent survey of models that
have been previously and are currently used in tracking ma-
neuvering targets. They describe a diverse set of models for
air- and sea-based targets, including the white-noise accel-
eration model, the Wiener-process acceleration model, the
polynomial model, the semi-Markov jump process model,
and various versions of curvilinear models. However, they
admit that there currently exists a lack of models to accu-
rately describe motions of ground based targets, such as the
random-walk model that we are focused on here.

More simplistic methods, such as linear least squares and
its variants, have been used in previous studies dealing with
ground-based targets [14]. While this technique is useful
when very few measurements are available, it lacks any abil-
ity to accurately model the details of the trajectory and is
limited to very simple, linear trajectory paths.

Researchers have also employed the Kalman filter [7] and
its variants to estimate the motion of a ground based tar-
get [8]. The Kalman filter is a stochastic estimation process
that iteratively predicts and corrects estimations of a linear
state-space model with Gaussian measurement noise. How-
ever, in the presence of non-linear systems or non-Gaussian
measurement noise, the effectiveness of the Kalman filter
decreases.

To the best of our knowledge, the definition of the random-
walk motion model for target trajectories first appeared in
a military technical report by Butterly [2]. In this work
the author used this motion model and derived a series of
closed-form probabilities to describe some future location of
a target, given truth information about a target’s trajectory
for a specified amount of time. However, these closed-form
solutions are of little use when we do not have such infor-
mation or in the presence of noisy measurements.

The random-walk model has also been considered in other
domains. It has been used in a technique for social group-
based search algorithms amongst multiple robots [6]. A Kal-
man filter has also been used to approximate a random-walk
model in the domain of stock pricing [13].

1.3 Contributions
The main contribution of this work is the development and
evaluation of a generative model for ground-based target
trajectories. We show that such an approach can provide
good to excellent estimation of the truth target states, even
in the presence of large, non-Gaussian observation noise, and
is thus an effective approach for problems dealing with such
target trajectories.

Figure 1: An example ground-based target trajec-
tory in a 2-D plane. The blue dots represent the
truth state vectors x while the red squares repre-
sent the estimated state measurements y.

We compare our approach with a variant of the Kalman
filter and show that our method outperforms the Kalman
filter 76% of the time and is more robust against increasing
measurement noise variance, increasing measurement inter-
val times (i.e., fewer measurements), and non-Gaussian mea-
surement noise.

2. PROBLEM STATEMENT
We assume we are given a set of noisy measurements that
collectively attempt to describe the trajectory of a given tar-
get and our goal is to use these measurements to estimate
the actual (or truth) trajectory for that target. Our ap-
proach in this paper is to develop a generative model that
describes the behavior of a random-walk target trajectory
and use this model to estimate the truth trajectory. This
generative model should take as input a parameter vector θ
and use that vector to generate a random-walk trajectory1.
We can then use various statistical techniques to find the θ
that produces the target trajectory that best resembles the
truth trajectory we desire.

To achieve the above, we need a way to evaluate how well a
given parameter vector describes the input noisy measure-
ments. We define a likelohood that computes the probability
that the noisy measurements were produced by a given pa-
rameter vector. This function is described in Section 4.2.

2.1 Data Description
Consistent with existing approaches, we will consider target
trajectories defined over a rectangular region R = [0, L] ×
[0, L] ∈ R2. The truth target state at any time t is described
by a vector xt = [x1, x2, ẋ1, ẋ2] where (x1, x2) represents the
Cartesian coordinates of the target and (ẋ1, ẋ2) is the corre-
sponding velocity. At time t, a measurement yt = Cxt+vt is
created by some measurement process, where C is a projec-
tion matrix to extract certain features from the target state

1In this paper we use the phrase ”θ generates a trajectory”,
but to be more accurate we could say ”θ can be input into
our generative model, and the generative model will produce
a trajectory”.



vector (e.g., location) and vt is a possibly non-Gaussian pro-
cess that models the noise of the measurements.

Figure 1 depicts the general setup for a single target. The
continuous target trajectory is shown by the black line. The
red squares represent the noisy target state measurements y,
while the blue circles represent the truth target location x.

2.2 Assumptions
Often in the tracking literature, two assumptions are made [4].

1. Each state of the target is dependent only on the im-
mediately previous state.

2. Each measurement of the target is independent from
all other measurements and all previous states of the
target.

Thus, our generative model will assume that each set of leg
parameters is independent of all other sets of leg parameters,
and each measurement is obtained only from the current
state of the target.

3. MODEL DESCRIPTION
We present a generative model, RW, that generates a tra-
jectory comprised of K legs of motion, where the ith leg is
described by the parameters

legi = (ωi, αi, τi).

Here, ωi represents the speed of the target during this leg,
αi represents the heading of the target for this leg, and τi
represents the duration of this leg. We assume that each of
these parameters remains constant for the duration of the
leg, and thus the parameters are each scaler values. We
denote the beginning location of legi as leg0

i = (legx0
i , legy0i )

and we denote the ending location as legτi = (legxτ
i , legyτ

i ).

Figure 2 shows a graphical example of a continuous random-
walk trajectory broken into a set of four legs. By breaking
the trajectory into legs we can accurately and independently
describe each subinterval of the trajectory.

We impose the obvious constraints that each leg begins at
the same time that the previous leg ended and that the
beginning location of each leg is the same as the ending
location of the previous leg. That is, we require

timei = timei−1 + τi−1

and

legx0
i = legxτ

i−1 = legx0
i−1 + ωi−1 ∗ τi−1 ∗ cos(αi−1),

legy0i = legyτ
i−1 = legy0i−1 + ωi−1 ∗ τi−1 ∗ sin(αi−1).

With these constraints RW generates trajectories that are
consistent with realistic target trajectories and avoids non-
sensical trajectories that have large gaps in time and location
between successive legs.

We define the parameter vector θ ∈ Ω for our model to be
comprised of the number of legs K and the leg parameters

Figure 2: A set of legs compose a random-walk tar-
get motion. Here we show an example motion (com-
prised of four legs) moving in a 2-D plane.

(ωi, αi, τi) for i = 1, . . . ,K. The size of θ will thus be 1+3K:
one parameter for the number of legs K and three additional
parameters per leg.

Given an instance of these parameters, our model RW will
generate a target trajectory. So we can create a vector z ∈
R2 by inputting any θ into our model RW.

We summarize our notation in Table 1.

4. INFERENCE
Given a set of measurements, the inference task is to find
the model parameters θ that best fit the measurements. We
approach this task by using Bayesian statistical techniques.
Specifically, we define a probability distribution over the so-
lution space given the measurements and find an optimal
assignment to θ. The probability distribution over the solu-
tion space Ω is defined as

P (θ|y) =
L(y|θ)π(θ)

P (y)
. (1)

L(y|θ) is called the likelihood and represents how well the
model with parameters θ describes the observed data y. π(θ)
is called the prior distribution and describes how plausible
it is that θ came from the parameter space Ω. P (y) is the
marginal likelihood of y and describes how likely the obser-
vations are according to our model. Finally, P (θ|y) is the
posterior distribution that we are after.

Table 1: Summary of Notation
Symbol Possible Values Units Meaning

K Z+ N/A Number of legs

ω R+ m/s Speed of leg
α R ∈ [−π, π] radians Heading of leg

τ R+ s Duration of leg

θ Z+ × R3K N/A Model parameters
Ω N/A N/A Solution space



As P (y) is constant for all θ, we can reduce (1) to

P (θ|y) ∝ P (y|θ)P (θ). (2)

We now describe our prior distribution and likelihood, fol-
lowed by our data-driven technique for computing a proposal
distribution for P (θ|y). We then conclude this section with
a description of the sampling technique we use to compute
the posterior distribution.

4.1 Prior
We define the prior distribution of the model parameters θ
by using intuitions gained from manually inspecting a large
set of truth trajectories. First, we note that the duration of
each leg is fairly evenly spaced between 5 and 40 seconds,
with values outside of this being extremely rare. Thus, we
set the prior distribution for leg durations to be uniform in
the range of 5 and 40 seconds.

Second, we note that the heading of a leg seemed to be
dependent on the heading of the previous leg and never in-
troduced a changed that was more than π

4
radians in either

direction. Also, smaller changes seemed to be more com-
mon, and it seemed to be equally likely that the change
would be either positive or negative. Thus, we set the prior
distribution for the heading of each leg to be dependent
on the heading of the previous leg, with the difference be-
tween them defined by a normal distribution with µ = 0 and
σ = π

4
× 1

3
= π

12
radians.

We take a similar approach for defining the prior distribution
over the speed of each leg, and conclude that the speed of
each leg can be approximated by a normal distribution with
µ = 12.5 units/s and σ = 2.0 units/s.

Finally, we require at least one leg of motion, so we set the
prior distribution over K to 1 if θ has at least one leg and 0
otherwise.

4.2 Likelihood
We define a likelihood to determine how well a given pa-
rameter vector θ fits a given set of measurements y. This
likelihood uses the generative model RW and θ to create a
trajectory z. It then scores z against y by comparing the
Euclidian distance between interpolated locations of the two
trajectories at each time step and summing the error. The
result will be a score s ∈ R with s ≥ 0, with smaller values
indicating a better fit.

4.3 Data-driven Proposal
We present a data-driven method for creating the proposal
distribution in a way that is based on actual data and thus
reduces the number of iterations needed by the MCMC sam-
pler to converge.

Given the set of target measurements y, we compute a pa-
rameter vector θ0 by the following iterative process. First,
we set k to a value in the sample set {5, 10, . . . , 50}; this
number k is a guess for the number of legs in the trajectory
K and hence controls the number of elements in θ0. We
iterate through the entire sample set, so that k takes on ev-
ery value in the set. For each value of k, we perform the
following.

By dividing the total time by k, we obtain a guess for τi for
i = 1 . . .K. That is, we set

τ1 = τ2 = . . . = τK =
T

k
.

For each resulting leg, we guess the values for ω, α by se-
lecting the two measurements that most closely correspond
in time to the beginning and ending times of this leg. That
is, we choose two measurements yj and yk where

yj ∈ y s.t. ∀u 6= j, distance(leg0
i , yj) < distance(leg0

i , yu)

and

yk ∈ y s.t. ∀v 6= k, distance(legτi , yk) < distance(legτi , yv)

(the function distance(x, y) is defined as the Euclidian dis-
tance between x and y). Then we compute each ωi and αi
by

αi = tan−1

„
yyj − y

y
k

yxj − yxk

«
,

ωi =

q
(yyj − y

y
k)2 + (yxj − yxk)2

τj
.

This yields a heading and speed estimate for each leg com-
puted from the geometric relationship between the two mea-
surements for the end points of that leg. As mentioned
above, we repeat the process for each possible value of k
in the sample set, each time saving θ0. We then choose the
k (and thus θ0) that results in the best fit of the observations
according to our likelihood.

Finally, we define distributions around each value of θ0 as
follows. For each leg i, we set the distributions for the three
parameters duration, heading, and speed, respectively, to

τi ∼ U(1, 40),
αi ∼ N (θ0, .025),
ωi ∼ N (θ0, 3).

The distributions for each τi are based on Wald’s intuition
that each leg of the trajectory will last between 1 and 40 sec-
onds, while the distributions for each αi and ωi are based on
empirical experimentation and represent a balance between
freedom for the sampler (which requires large variances) and
fast convergence times (which requires smaller variances).

4.4 Sampling
The posterior distribution in Equation (2) is a complex dis-
tribution that is difficult or impossible to solve with analyti-
cal methods. Instead, we use MCMC sampling to search the
solution space for a maximum under the posterior. MCMC
methods provide a general, efficient way of providing a solu-
tion to such large-dimensional problems within a reasonable
amount of time.



A thorough description of MCMC sampling can be found
elsewhere (e.g., [1, 3, 12]). The basic strategy of a MCMC
sampler is to iteratively and randomly generate samples for
θ from the solution space Ω. On each new iteration, the sam-
pler modifies the previous sample for θ by utilizing a set of
moves (Markov chain) that dictate how to change the sam-
ple. (In our case, each move will either change the duration,
speed, and/or heading of one or more of the legs.) Depend-
ing on how likely the new sample is, it is either accepted or
rejected.

5. IMPLEMENTATION
We have implemented our approach using the MCMC tool-
box for MATLAB [9]. The toolbox was created to allow a
user to generate and analyze a Metropolis-Hastings (MH)
MCMC chain using multivariate Gaussian proposal distri-
butions. We have made changes to the toolbox to better
meet our purposes, including the addition of non-Gaussian
proposal distributions, additional constraints on the gener-
ative process, and visualization of the data as the sampler
is running.

Our implementation works as follows.

1. We choose some values for T (total time), N (num-
ber of simulations), ∆T (timestep between measure-
ments), and the errors associated with the sensor.

2. A truth trajectory is created using the military tank
simulation [14], and noisy measurements are taken ac-
cording to the input options (i.e., measurement vari-
ance and measurement interval).

3. Using the measurements, we compute the proposal dis-
tribution of the parameter vector as discussed in Sec-
tion 4.3. We also compute the error associated with
this proposal distribution, as specified by our likeli-
hood.

4. We set the options for the sampling algorithm, such as
the number of simulations, the burn-in time desired,
and the covariance matrix associated with the mea-
surements.

5. We run the MH algorithm by calling the mcmcrun method
of the toolbox.

6. After the MH algorithm is complete, we can obtain
the maximum likelihood estimate of the parameters
by computing the mean of the chain produced by the
mcmcrun method.

7. We compute the error associated with these maximum
likelihood estimates, both against the measurements
and truth data. We can then create plots and save
statistics, and repeat to step 2 with a new random
number seed.

In each iteration, we also use a variant of the Kalman filter to
compute an estimate for the target trajectory. Here we use
the Kalman filter toolbox for MATLAB [11] as a starting
point for our implementation. The toolbox uses the EM
algorithm to first learn the parameters of the linear dynamic
system, and then it filters the measurements using these
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Figure 3: Results of a given run. The thick black
line shows the truth target trajectory and the red
squares show the noisy measurements. The dashed
green line with x’s shows the estimated trajectory
produced by the Kalman filter while the dashed blue
line shows the estimated trajectory produced by our
generative model. Here, the measurement variance
was 25 units and the measurement interval was 5
seconds.

parameters. With this approach we are able to compare our
generative model against the Kalman filter in a general way.

We have empirically found that an effective burn-in time is
a quarter of the total number of iterations N . This allows
the sampler a sufficient amount of time to discard initial
samples until the chain stabilizes.

6. EXPERIMENTS
To evaluate our approach, we will measure the sum-of-squares
error between the estimated trajectory and the truth tra-
jectory. This measure captures the difference of locations
between the two trajectories over time. For an estimated
trajectory z and a truth trajectory x we define the measure
to be

SS =

TX
t=1

q
(zxt − xxt )2 + (zyt − x

y
t )2 .

If we divide SS by the total amount of time T in the scenario
we can obtain an estimate of our mean error at each time
step; we call this the mean SS Error / time measure.

The experiments were conduced on a machine running Mac
OS X 10.4.11 with a 2.2 GHz Intel Core 2 Duo processor
and 2 GB main memory. The tank simulation, our RW
model, and the Kalman filter were executed in MATLAB
version 7.5.0 (R2007b). Unless indicated otherwise, we ran
N = 5000 Monte Carlo simulations with 1250 iterations of
burn-in, as this seemed to be a good trade-off of convergence
versus run-time.

Figure 3 shows an example execution of our experiments. It



shows a comparison of our method versus the Kalman filter
for a given target trajectory. Here, our method produced
an SS measure of 547.76 compared to the Kalman filter’s
1215.84. By noticing how well our method “matches” the
form of the target trajectory, we can intuitively see that our
method is much more capable of modeling the trajectory a
ground-based target.

In each subsection below we explore different values–and
their effect on the performance our model–to each the fol-
lowing independent variables.

• Total time of scenario (T ). This value represents
to number of seconds that the target is driving in
the plane: the longer the total time, the longer the
trajectory path. Default value is 200.

• Measurement variance (σ2). This value repre-
sents the accuracy of the target state measurements:
the larger the variance, the more error in the measure-
ments and the more obscured the truth trajectory.
Default value is 5.

• Measurement interval (∆T ). This value repre-
sents the number of seconds between each target state
measurement. The larger the interval, the fewer re-
ports available. Default value is 5.

• Type of measurement noise. This categorical vari-
able captures the type of error distribution associ-
ated with the measurement device (e.g., Gaussian or
Gamma distribution): different types may challenge
assumptions in our models. Default type is Gaussian.

• Number of Simulations (N). This value repre-
sents the number of Monte Carlo simulations our sam-
pler is run: the more simulations, the better the pa-
rameters are fit to the data. Default value is 5000.

6.1 Experiment 1: Fitting the Trajectory
We first investigated how well our method can fit to the
truth trajectory with no measurement variance present; the
idea was that this would give us an initial indication of the
ability of our model to describe ground-based target trajec-
tories. To do this, we used the military tank simulation to
create a truth target trajectory and the corresponding noisy
observations. We then input these observations to both our
RW model and the Kalman filter, and both models learn
parameters that create an estimated trajectory.

To create an ideal situation, we set the measurement vari-
ance to σ2 = 0, the measurement interval to ∆T = 1 second,
and total time to T = 100 seconds. We ran our method for
n = 30 different random seeds and the results show that
both our method and the Kalman filter achieve an average
SS measure of less than one unit in every iteration— a nearly
perfect match of the target trajectory. Figure 4 shows the
results of one such run: we see that both the Kalman filter
and our method are able to exactly match the truth tra-
jectory. Clearly, both approaches are capable of correctly
modeling a ground-based target in ideal conditions.

6.2 Experiment 2: Measurement Error
We next turned focus to the robustness of our method to
the magnitude and type of measurement errors. We first
increased the variance from σ2 = 0 up to σ2 = 1600 in four
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Figure 4: Fitting a trajectory in ideal conditions
(i.e., no measurement noise and short measurement
interval). We see that both our model and the Kal-
man filter produce an estimated trajectory that ex-
actly corresponds with the truth trajectory, suggest-
ing that both approaches are capable of correctly
modeling a ground-based target in ideal conditions.

steps and Figure 5 shows the results. We see that although
the trends of the two methods are similar, our method is
slightly more robust. This is especially noteworthy since
the Kalman filter is optimized for Gaussian noise.

We then increased the amount of time between measurement
intervals to determine the effect that fewer measurements
would take on our approach. Figure 6 shows the results.
We see that our method is much more capable of handling
sparse reports than Kalman filter. This is because our model
generates legs to describe the trajectory as a whole, while the
Kalman filter only tries to match the (sparse) data directly.

We then considered measurement processes that followed
a non-Gaussian distribution. Specifically, we obtained the
measurements using Uniform, Gamma, and Beta distribu-
tions (each with a comparable variance to σ2 = 25 units)
and evaluated our approach. Figure 7 shows the results.
We see that in each distribution type, our method achieves
a lower error than the Kalman filter.

6.3 Experiment 3: Overall Performance
In this experiment our goal was to determine the average
performance of our method in a variety of scenarios: small
and large measurement noise, Gaussian and non-Gaussian
measurement noise, short and long measurement intervals,
and short and long total times. Our strategy was to run
200 repetitions, each time randomly selecting values for the
above variables of interest. We choose from the following
distributions for each variable.

σ2 ∼ U(0, 1600),
T ∼ U(50, 500),
∆T ∼ U(1, 20).
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Figure 5: Sensitivity to measurement noise. The x-
axis shows increasing variance in the measurement
noise and the y-axis shows the mean SS error per
time step. The blue line with triangles represents
the performance of our RW model while the red
line with squares represents the performance of the
Kalman filter. These results suggest that our model
is more robust to measurement variance than the
Kalman filter.

Also, for each repetition we selected the distribution type
for the measurement noise from the set {Gaussian, Uniform,
Gamma, Beta} with equal probability.

Table 2 summarizes the results. We see that our method
is more robust overall and achieves a smaller error than
the Kalman filter 76% of the time. Additionally, when our
method does achieve a smaller error, the error is on average
4.6 units less per time step than the Kalman filter’s error.
In contrast, when the Kalman filter achieved a smaller error,
it did so by only 0.5 units.

RW KF
SS Error 2362.4 3189.7
SS Error / time 11.8 16.0
Win Percentage 76% 24%
Avg. Win Amount 4.6 0.5

Table 2: Comparison of our RW model and the Kal-
man filter in overall performance. Results show the
average performance of each model in 200 randomly-
generated scenarios. The “Win Percentage” row
shows the percentage of those scenarios in which
each model performed better than the other and
the “Avg. Win Amount” row shows the average de-
crease in SS Error / time when that model did win.
We see that our model is more robust overall and
beats the Kalman filter in a significant fraction of
scenarios.
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Figure 6: Sensitivity to measurement interval. The
x-axis shows number of seconds between each mea-
surement and the y-axis shows the mean SS error
per time step. The blue line with triangles repre-
sents the performance of our RWmodel while the red
line with squares represents the performance of the
Kalman filter. Our model outperforms the Kalman
filter as the measurement interval grows, suggesting
that our model can be used in real-world scenarios
where measurements are sparse.

6.4 Experiment 4: Number of Simulations
Here we look at how the SS measure of our model changes
as we increase the number of simulations allowed to run. Of
course we expect more simulations to result in a better fit,
but here we quantify both how much better the fit is and
how the execution time of our method is affected.

Figure 8 shows the results. As expected, we see that SS de-
creases as N increases, but started to level out after about
15,000 simulations. However, execution time is also increased
linearly as N increases, so a balanced trade must be made
between performance and execution time. The results sug-
gest that choosing the number of Monte Carlo simulations
to be 5, 000 ≤ N ≤ 10, 000 might provide such a balance.

6.5 Conclusion
These experiments show that our method is capable of accu-
rately tracking a ground-based target, even with high mea-
surement variances, sparse measurement intervals, various
noise distribution types, and scenario times. Further, our
method is able to outperform the current most popular track-
ing method–the Kalman filter– in every type and magnitude
of measurement variance.

These results suggest that a generative model, coupled with
an MCMC sampling technique for parameter inference, can
be used to provide an accurate ground-based target system
in the real world.
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Figure 7: Sensitivity to measurement variance type.
We set the measurement error distributions to uni-
form, beta, and gamma and measure the mean SS
error per time step for our approach (blue) and the
Kalman filter (red). Our approach has a smaller er-
ror in all three cases, suggesting that our approach
is robust to non-Gaussian error distributions.
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Figure 8: Sensitivity to the number of Monte Carlo
simulations. The x-axis shows increasing number of
simulations; the left y-axis shows the error achieved;
and the right y-axis shows the execution time. The
blue line with triangles shows the error and thus cor-
responds to the left axis while the red line with cir-
cles shows the execution time and thus corresponds
to the right axis. We see that increasing the number
of simulations decreasingly decreases the error and
linearly increases the execution time.
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