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Abstract

This report focuses on the two primary goals set forth in Sandia’s
TAFTI effort, referred to here under the name Kebab. The first goal is
to overlay a trajectory onto a large database of historical trajectories, all
with very different sampling rates than the original track. We demonstrate
a fast method to accomplish this, even for databases that hold over a
million tracks. The second goal is to then demonstrate that these matched
historical trajectories can be used to make predictions about unknown
qualities associated with the original trajectory. As part of this work, we
also examine the problem of defining the qualities of a trajectory in a
reproducible way.

1 Introduction of Problem Space

1.1 Prediction

The previous work on the problem of trajectory prediction can be divided into
two categories based on approach taken: Markov models and neural networks.
Yet, these solutions are unsatisfactory for a number of reasons. Markov model-
related solutions work best when the prediction space is discrete (prediction
of roads for driving data). However, this discrete approach doesn’t apply well
to less constrained domains (such as maritime/boat trajectories) where an ex-
tremely vast search space would need to be discretized [1-3]. On the other
hand, deep learning approaches (the most successful being Long Short-Term
Memory (LSTM) neural networks, because of their ability to handle time series
data) produce more accurate predictions than Markov modeling methods. Deep
learning has been used for both next step prediction [4,5] and destination predic-
tion [6-10]. However, like Markov models, most deep learning approaches in this
domain also resort to discretizing the geographical landscape to deal with the
domain’s sparsity issue. For example, the majority of physical locations (e.g.,
the middle of a lake or off-road areas for terrestrial vehicles, or non-airport loca-
tions for aircraft) are unlikely destinations, and yet the total number of possible
destinations is still very large. In addition, deep learning approaches tend to
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lack explainability, of which is required for wide adoption and real-world use by
analysts. It is worth noting that there are also some attempts to apply similar-
ity measures to the problem of prediction [11]. Also, it is possible to simply use
a polynomial extrapolation or other mathematical techniques that don’t take
advantage of historical information to predict the future location of the trajec-
tory. But these techniques don’t capture the complex human decisions that are
often a factor in trajectory behavior.

2 Statement of Work

2.1 Alignment

Can a trajectory be aligned to other trajectories that are similar in shape and
relative location? For example, given an observed trajectory can we identify
historical trajectories that have traveled along a path, a portion of which is
similar to the path of this observed trajectory?

2.2 Prediction

If an object’s motion is captured only for a short period of time, can we use
historical information to fill in the unknown qualities of the past part of the
trajectory and predict its future qualities? For example, given an observed tra-
jectory one possible goal could be to correctly predict its origin and destination
locations. Alternatively, another relevant problem is correctly predicting where
an observed trajectory will be in a specified amount of time, such as predicting
where an aircraft will be 15 minutes in the future. We focus on these problems
by leveraging the alignment algorithm and by using historical data to inform
predictions. Namely, we ask which historical trajectories have a path similar to
the given observed trajectory. Note that there are two different scenarios that
can result:

1. There is at least one historical trajectory that is suitably aligned to the
given observed trajectory. In this case, it is possible to develop weights
based on the alignments such that the results can be ranked before they
are used.

2. There are no historical trajectories that are similar to the given observed
trajectory. This is an important null result as it indicates the current
trajectory is following a path that does not have a historical match.

Figure 1 shows an example of the historical trajectories that align with the short
(red) observed trajectory over Pennsylvania.

The output of an origin/destination trajectory prediction algorithm can take
multiple different forms. For example, as a single origin/destination pair with
the highest likelihood of correctness. Alternatively, a ranked list can be returned
like a typical internet search for evaluation by an expert analyst.



Figure 1: This example represents the prediction of the origin/destination of
the red observed trajectory and a visualization of the 19 suggestions for this
problem based on our prediction algorithm. We correctly predict the flight is
going from JFK - LAX using 5 days of historical data, meaning that the origin
destination pair JFK-LAX was given the highest weight and appears first on the
list of possible origin destinations. The darker the trajectory the more weight
the origin destination pair receives from the algorithm.
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Figure 2: The orange historical trajectory is close to each of the observed tra-
jectory sample points, and so is considered well-aligned with the observed tra-
jectory.

3 Milestones and Results

3.1 Alignment

In order to find historical trajectories that are well-aligned with an observed
trajectory, we developed an algorithm that works as follows. We represent the
observed trajectory as a list of k evenly spaced points in space. We refer to
these points as sample points. For each of those sample points, we search the
historical data to find points of historical trajectories that are nearby as defined
by the point-trajectory distance. A historical trajectory that is within a specified
distance, d, of all k sample points of the observed trajectory, is considered to be
well-aligned with the observed trajectory (see Figure 2). It is worth noting that
we measure the distance between each point of the observed trajectory to the
segments of each historical trajectory (not points on the historical trajectory).
This helps to control the effects of sampling rate.

To make querying this historical geospatial data efficient, we use a spatial
index for fast spatial searching. The spatial index allows for efficiently find what
points are near (within some bounding box around) a given reference point. For
this work the R-Tree spatial index is used [12]. Leveraging this structure allows
us to store every point of every historical trajectory and maintain a look up
time complexity of O(In(n)), where n is the total number of points in all of the
historical tracks in the spatial index.

3.2 Prediction

We developed an algorithm that makes predictions for a given observed trajec-
tory by finding historical trajectories such that part of the historical trajecto-
ries follow a similar path to that of the observed trajectory. To do this, we first
leverage the alignment algorithm to find the historical trajectories that are well-
aligned with the observed trajectories. Then, the prediction algorithm accounts
for direction in the following manner: If a historical trajectory is well-aligned
with the observed trajectory, we check to see if the historical trajectory and
the observed trajectory are going in the same direction. Figure 3 describes this



process. Once similar historical trajectories are found through the alignment
process, those flights can be used to potentially predict qualities that the ob-
served trajectory has, such as specific object type, mission type, etc. We focus
on origin/destination prediction in this work as a compelling example of one
type of prediction that has a strong geospatial driver.
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Figure 3: To determine if an observed trajectory (black) and a historical tra-
jectory (orange) are going in the same direction, do the following. Represent
the historical trajectory using segments. Find the closest segment of the his-
torical trajectory to the first and last points in time of the observed trajectory.
Interpolate along these two segments to find the closest point in space on the
historical trajectory to the first and last point of the observed trajectory. Let
t1 be the time of the point on the historical trajectory closest to the first point
of the observed trajectory in space. Let to be the time of the point on the his-
torical trajectory closest to the last point of the observed trajectory in space. If
to —t1 > 0 then the historical trajectory and the observed trajectory are going
in the same direction.

As shown in Figure 4, checking for consistent direction does not signifi-
cantly impact the number of correct origin/destination pairs predicted, but
it removes extraneous predictions resulting in the correct origin/destination
being predicted with fewer guesses and with higher confidence. If a histori-
cal trajectory passes both the alignment and direction requirements, its ori-
gin/destination pair is returned as a possible prediction for the observed trajec-
tory’s origin/destination. Note that particularly pathological trajectories could
potentially visit the sample points in an odd order. We did not find any exam-
ples of this in our data set, and it would not be hard to filter for this by looking
at the direction between each pair of neighboring points sequentially.

Given a list of origin/destination predictions, it is important to consider
how to order the list to best provide information on the likelihood of each
origin/destination pair being the correct origin/destination of the observed tra-
jectory. We assign each origin/destination pair a weight, which is the number of
trajectories with the given origin/destination pair normalized by the number of
total trajectories that are close to all k sample points of the observed trajectory.
We experimented with taking into account the distance of each historical trajec-
tory with a given origin/destination from the observed trajectory in the weight
of the origin/destination pair. Most of the weighting schemes gave relatively
similar answers, assuming they were a monotonically decreasing function of the
distances between the observed trajectory sample points and the historical tra-



jectories. Simple functions such as equal weights or linearly decreasing weights
worked as well as more complex weighting schemes.

We ran experiments on the origin/destination prediction algorithm to de-
termine how different factors influence its performance. Figures 4, 5, 6, and
7 detail these results. In the experiments, the weight of an origin/destination
pair is the integrated weight (sum of the weights) of those before it in the
prediction list. Integrated weight is used because the predicted integrated
weight of an origin/destination pair is a good analog to predicted position of
an origin/destination pair on the predictions list. Additionally, the correct ori-
gin/destination pair’s position on the prediction list can be thought of as the
number of guesses needed to get the correct origin/destination pair.
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Figure 4: Experiments run on 5 days of historical data from flights in US
airspace. For every trajectory in the data set, an origin/destination predic-
tion was made for a randomly selected sub-trajectory of that trajectory. In this
case whether or not the direction check was required is varied.



Figure 4 shows the benefits of checking that a historical trajectory and the
observed trajectory are traveling in the same direction. When travel direction is
considered, the position of the correct origin/destination appears closer to the
top of the prediction list and with less integrated weight. Both improvements
get smaller as the position on the list and weight increase.

Figures 5 and 6 show how the prediction algorithm performs when the de-
sired matching precision is varied (the greater the number of sample points and
smaller the neighborhood distance, the more precise the matching will be). This
is the classic trade-off of setting the threshold for false positives higher in order
to get more true positives. When the number of sample points increases we
see observable improvement on the correct origin/destination pair’s location on
the prediction list and its integrated weight. Varying neighborhood distance
explores the predictive power of the algorithm as a function of how close we
require the historical matches to be to the observed trajectory. Intuitively, one
would expect that as you require the distances to be smaller, you will have a
higher ratio of true positives to false positives and your predictive power will be
greater. However, the graph shows the opposite for most of the distance choices
used in the experiment. The subtle reason for this is related to the data set
that we used for training and testing. In this data set, at the 10km neighbor
distance, we have already captured most of the correct historical matches and
removed the incorrect ones. If we decrease the neighbor distance from 10km,
we remove more correct answers from the results compared to incorrect ones.
However, at the 25km neighbor distance, we do see the expected trend. For less
guesses and weight, the 25km neighbor distance captures fewer of the correct
predictions compared to the other neighbor distances, but as we move farther
down the prediction list we reach a point where the 25km neighbor distance
captures more of the correct predictions compared to the other neighbor dis-
tance (the point at which 25km line intersect the others in both graphs). This
indicates that care should be taken in choosing this adjustable parameter for
prediction purposes. Automation of this choice is something that we would like
to investigate in the future.

Figure 7 shows how the prediction algorithm performs relative to the length
of the observed trajectory as compared to its complete length. When the sub-
trajectory in the experiment is constructed from a larger percent of the his-
torical trajectory it is equivalent to having more data for the observed tra-
jectory in a real-life application of this algorithm. When we have more data
for the observed trajectory, we see observable improvement in the correct ori-
gin/destination pair’s location on the prediction list and its integrated weight,
but only to a point. If too much of the observed trajectory is used for the
prediction it may not match with any of the historical trajectories due to the
increasingly stringent conditions of matching over longer distances, even with
historical trajectories that have the correct origin/destination. The data shows
that you are much more likely to eventually find the correct match from a smaller
fragment since that will return many more results, but you will also have more
false positives. As the fragment size increases, you eliminate more of the false
positives and better predictions can be made. However, if the fragments become
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Figure 5: Experiments run on 5 days of historical data from flights in US
airspace. For every trajectory in the data set, an origin/destination predic-
tion was made for a randomly selected sub-trajectory of that trajectory. In this
case the number of sampled points used to represent the sub-trajectory was
varied.
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Figure 6: Experiments run on 5 days of historical data from flights in US
airspace. For every trajectory in the data set, an origin/destination predic-
tion was made for a randomly selected sub-trajectory of that trajectory. In
this case the size of the neighborhood distance used to find nearby historical
trajectories.
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Figure 7: Experiments run on 5 days of historical data from flights in US
airspace. For every trajectory in the data set, an origin/destination predic-
tion was made for a randomly selected sub-trajectory of that trajectory. In this
case the percent of the trajectory used as the sub-trajectory was varied.
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too large, you begin to then match fewer true positives and the predictive power
decreases.

H 1 Day 5 Days 1 Month H

Number of trajectories 53,700 225,382 803,298
Percent Correct 31 .57 .88

Table 1: Experiments run on different amounts of historical data from flights
in US airspace. For every trajectory in the data set, an origin/destination
prediction was made for a randomly selected sub-trajectory of that trajectory.
Experiments were run by representing a 100km sub trajectory with 4 sample
points.

H 1 Day 5 Days 1 Month H

Number of trajectories 53,700 225,382 803,298
Time (s) to predict origin/destination  0.114 0.443 2.979
Time (s) to predict location 0.146  0.518 4.387

Table 2: Experiments run on different amounts of historical data from flights in
US airspace. 1000 random trajectories were chosen from the 1-day data set and
a 100km sub-trajectory represented by 4 sample points was randomly chosen
from each. An origin/destination prediction and a location prediction were
made for each of these sub-trajectories. The average time to do one prediction
is recorded above.

Providing information about weights along with the list of possible predic-
tions is valuable for an analyst. Without the assistance of the weights an analyst
may constrain their analysis to some number of places on the prediction list, a
natural example being 5 origin/destination pairs. However, consider the possi-
bility where only the first origin/destination pair has a significant weight. The
analyst can streamline their search. Alternatively, consider the possibility where
the top 6 origin/destination pairs all have similar weights. The analyst should
not use their standard place cut off heuristic (top 5) in this case.

The power of the alignment algorithm enables the prediction algorithm to
be used to predict where an observed trajectory will be in specified amount of
time in the future. Consider a historical trajectory that passes the alignment
and direction requirements of the prediction algorithm for an observed trajec-
tory. We find the closest point on the historical trajectory to the front (most
recent) point of the historical trajectory and then move forward in time x min-
utes from this point on the historical trajectory for a prediction of where the
observed trajectory will be in « minutes (Figure 8). Weights are then assigned
by trajectory, instead of origin destination pair. Figure 9 shows an example of
future position prediction.
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Figure 8: Prediction Approach. We first represent the orange historical tra-
jectory using segments, and then find the closest segment of the historical tra-
jectory to the last point of the observed trajectory. We interpolate along this
segment to find the closest point on the historical trajectory to the last point
on the observed trajectory. Finally, we traverse £ minutes on the historical tra-
jectory for a prediction of where the observed trajectory will be in x minutes.

Figure 9: Example prediction of the position of the red observed trajectory in
30 minutes. The visualization of the suggestions for this problem are based on
our prediction algorithm. The colors of the heat map correspond the weights of
the predicted point. Green areas have more points with higher weights, purple
areas have less points with lower weights. Historical trajectories that adequately
match the observed trajectory appear in grey.

4 Additional Progress and Results

There were a number of research topics that emerged either as areas that were
direct extensions of the statement of work or as later requests from the spon-
sor. We describe those efforts in this section. In general, these were smaller,
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exploratory efforts that we only briefly explored. A deeper exploration is left as
potential next-generation work.

4.1 Motion Event Definitions

While communicating about trajectory shapes and motion events, it has become
apparent that how we describe and/or define those motion events can be differ-
ent from how others do the same. The differences can be significant enough to
cause miscommunication and potential errors between different entities in the
track community. Therefore, we are working towards a standard set of defini-
tions that we, as a community, can agree upon to make communicating about
motion events easier, faster, and more reliable.

| Ly

Figure 10: Some motion events are simple to define such as the vehicle in a
making a simple right turn. Others are harder to define such as the vehicle in
b. The problem becomes more complicated with different types of vehicles.

Let us first define what we mean by a motion event. When we observe
an object in motion, we can detect events such as a start, stop, and/or turn.
These types of events are motion events. They can be fairly simple or complex
as seen in Fig. 10. The problem becomes more complex when we consider
different types of vehicles and terrains. We determined that the most basic
definitions would be: start, stop, pause, straight, left turn, right turn, u-turn,
and possibly acceleration and deceleration. Any other events could be described
as a combination of these events.

When beginning the investigation into motion events, we reached out to
others in the track community. We received a strong response from BAE Sys-
tems, Kitware, MIT, Mitre, and other groups within Sandia. What we found is
most researchers create their own definitions for their own systems, even within
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the same institution. Though almost all define their motion events in terms of
speed, time, and radius of the event. BAE Systems had the most thorough set
of definitions what would serve as a strong starting point. However, they have
requested their information remain proprietary unless settled as the standard.
They remain very willing to engage in the discussion and decisions.

The naive solution is to define a set of definitions that are universal to all
vehicles. While this was the primary goal when the problem was presented, it
quickly became obvious this was not feasible. If we consider something simple
such as a left turn and we consider all vehicles together, then we must create
a definition that encompasses the turn of a small motorcycle and a large cargo
plane, while also being able to distinguish it from other motion events of ei-
ther. The definition becomes too loose and multiple events have overlapping
definitions.

The next logical consideration is to separate vehicles into types: ground, air,
water. However, we again have the issue where even within the same category
there are vehicles with very different profiles and motion capabilities. For ex-
ample, if we consider marine traffic, a cargo ship moves very different from a
small fishing boat.

Our final assessment is to group vehicles by class, where each class has a
similar type of motion constraints. For example, we could have the following
groupings: large ships (cargo, military, etc.), large planes (cargo, interconti-
nental, etc.), small ships (fishing, leisure, military), motor vehicles, medium or
small planes.

We also looked at the difficulty in convincing an entire community to adopt
a set of definitions where they had already decided on their own in their sys-
tems and where they had little say in the definitions we developed. In the last
Trajectory Community of Practice meeting, we spoke about the work on motion
event definitions and received defensive feedback with some suggesting that we
challenged their own work. Many were interested in being involved in the defi-
nitions decisions, however. With this information, we have developed an overall
process that we believe would create a set of standard definitions for motion
events while allowing the community to be a part of the process and more likely
to adopt the final result:

e Create a comprehensive list of types of vehicles the community is interested
in

e Engage the community to use their knowledge to categorize the vehicles
into similar groups based on their experience

e Develop a set of definitions for each category based on current definitions
and understandings

With community members involved in some of the decisions, and their own
definitions and work being a part of the final product, we believe we can develop
a set of motion event definitions that are comprehensive and the rest of the track
community can feel they have some ownership of and be more willing to adopt.
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4.2 Prediction and Weighting

probability correct vs weight for different weighting schemes

—— Perfect weighting
Linear weighting
0.8 Binary weighting
—
O
(7]
b
o 0.6
o
>
=
8 0.4
©
o
o
—_
Q0.2
0.0
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

weight

Figure 11: This experiment was on one month of historical data from flights in
US airspace. For every trajectory in the data set, an origin/destination predic-
tion was made for a randomly selected sub-trajectory of that trajectory. Two
weighting schemes are considered and compared to a perfectly correlated rela-
tionship between weight and probability. Probability correctness is derived here
from the number of times a predicted origin/destination pair with a particular
integrated weight was the correct answer.

For historical training sets that are large enough to have a representative sample
of the trajectories of interest, the relative fractions of the well-aligned trajecto-
ries can be used to make a rough prediction about the accuracy of the guesses
using the weights of the matched trajectories. We tested this hypothesis by eval-
uating two different trajectory alignment weighting schemes and, using those
weights, derive the probability that the guess would be correct. This was done
by using one month of training data as the historical data set, and calculating
weights based on two different schemes. The first scheme was to calculate a
weight for each match using a linear function, going from 1.0 to 0.0 based on
how far away the farthest sample point of the sample trajectory was from the
historical trajectory of interest. The value was 1.0 if the furthest sample point
was coincident with the historical trajectory and decreased linearly to 0.0 at the
end of the range of interest (5km in the example shown). The second scheme
was to use a binary weight, where a trajectory counted as 1.0 if the furthest
sample point was in the range of interest, and 0.0 otherwise. The weights for
all of the matches were then summed and this was used to normalize the sum
of the weights to 1.0. The weights for each origin/destination pair were also
summed, giving a total weight for each origin/destination pair. Note that we
only used samples that had at least 5 well-aligned trajectories in the historical
database so that there were enough representative samples.
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We then binned, as a function of weights in bin widths of 0.1, the fraction of
matches that were correct for each weight. The goal was to have the weights cor-
respond to a probability that the guess was correct. We consider this a 'perfect’
weighting. Figure 11 shows the results of our experiment. The predicted proba-
bility that was based on the weights turned out to be surprisingly accurate. This
effect was almost entirely captured by the binary weighting scheme, indicating
that more sophisticated measures that took into account how far away a sam-
ple trajectory was from the historical trajectories was probably not necessary
when there is enough historical data. This notion of being about to capture a
probability that a guess is correct is very important to real-life scenarios where
confidence is key.

4.3 Deep Learning

Figure 12: The predicted destination of a trajectory, calculated by a simple
neural network model. The model only sees the segment highlighted in white
and does not know what part of the full trajectory it is observing. The likelihood
of a location being the destination is shown as red (high), green (medium), blue
(low), or black (very low).

We also explored the implementation of a deep learning model capable of pro-
ducing nuanced, yet simple and visualizable predictions. We designed a mixture
density network [13] to read GPS data from a trajectory and output a multi-
modal probability distribution over the geographical landscape, representing the
model’s hypothesis of where the destination (or origin) might be. The model
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was trained to output a von Mises-Fisher mixture distribution, analogous to a
Gaussian mixture model over the surface of the Earth. A mixture model is the
linear combination of some number of individual sub-distributions, such that
each sub-distribution belongs to some (frequently the same) parametric family.
Thus, whereas a standard neural network outputs the most likely conditional
mean

arg max p(g|x)
Yy

of the target variable, y, a mixture density network produces a mixture distri-
bution over the target variable; i.e., its output describes the probability density
function

K
qyle) = mei(y|w; 6:),
=1

K
s.t. Z’]Ti =1
i=1

where K represents the number of components in the model, 7; represents the
mixture coefficient of component 7, and ;(y|x; 6;) is the parametric probability
distribution corresponding to component ¢, parameterized by 6;. With minimal
assumptions, a mixture distribution is able to approximate any full conditional
probability distribution p(y|x) arbitrarily well [13].

In our experiment, each von Mises-Fisher component, vMF;(y|x; u;, %;),
could be viewed as a single hypothesis of a trajectory x’s true destination, y;
with a 3-dimensional mean, p,;, representing its center in Earth-centered-Earth-
fixed (ECEF) coordinates; a scalar concentration parameter, ;, representing
its spread (or variance) over the surface of the Earth; and a scalar weight,
0 < m; < 1, representing the model’s confidence in that particular hypothesis.
The model could be configured to produce any finite number of hypotheses for
a given input; for our experiment, 20 components appeared sufficient.

The input to our network was a random-length subtrajectory, carefully cho-
sen to give the network no hint of which part of the original trajectory was being
sampled. Shorter subtrajectories make up the majority of the set of all possible
subtrajectories from a trajectory of length . In particular, if a subtrajectory is
chosen from this set uniformly at random, then the length [ of the subtrajectory
should follow a triangular distribution with a left bound of 0, a mode of 0, and
a right bound of [:

[ ~T(0,0,1)

First, the subtrajectory’s length was sampled from this distribution, and then
a valid starting point for the subtrajectory was chosen uniformly at random. In
this way, we ensured that we did not over-represent longer, more informative
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subtrajectories in the training data; such over-representation would lead to an
excessively optimistic training loss.

We used a simple neural network architecture based on [8]; this network
read the GPS locations of just the first and last 5 waypoints of a sub-trajectory
(with repeated padding added as necessary) and then passed that information
through 2 fully connected hidden layers consisting of 100 neurons each. Even
when trained on just a fraction of a single day’s data, this simple model achieved
a median top-20 test accuracy of 107.0 km from the true destination for trajec-
tories across the globe. For each test trajectory, this accuracy was calculated
as the minimum Haversine distance between the true location, y, and the 20
predicted means:

min aversine(y, ;)
An example of this network’s output is shown in Figure 12. We expect that

by utilizing more data, as well as a more complex model (such as an LSTM or

Transformer network), we would be able to achieve even better accuracy.

5 Conclusion of Work and Impact on Customer
Goals

5.1 Prediction

Our algorithm is more adaptable and explainable than other trajectory pre-
diction techniques. The alignment algorithm allows us to easily extend our
prediction algorithm to predict origin/destination as well as position for the
next = minutes into the future for a given observed trajectory. In terms of
explainability, the list of origin/destination pair predictions suggested by the
algorithm are the origin/destination pairs of historical trajectories who have
traveled paths near the observed trajectory in question. And, in the position
prediction case, the predicted positions in x minutes are exactly the positions
of historical trajectories who have traveled paths near the observed trajectory
in question in x minutes.

5.2 Motion Event Definitions

While we believe developing a set of definitions is possible, we conclude that
creating a single set of definitions to cover all possible vehicles is not. Addi-
tionally, without community input, adoption of any set of definitions will also
be very difficult. However, given intelligent categorization and engagement the
track community, we believe a set of definitions that will satisfy most use cases
is within reach. We have developed a plan to make this happen and believe it
will set the stage for the community as a whole.
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6 Visions for Future Work

As part of the work done in support of the original Statement of Work, we
discovered a number of potential interesting technical problems and applications
that could be examined in a deeper way. We only spent a small amount of time
considering the problem of ranking the matched trajectories in a meaningful
way, and this was entirely related to the quality of their alignment. There
are many other aspects of the match that could also be used, such as velocity
profiles or day of the week, just to name two. The problem of assigning rigorous
probabilities to the predictions was also only examined briefly and would be
an interesting problem to systematically study. A different direction for future
research would be to implement this in an architecture that corresponded more
closely to the production architectures that are currently in use and demonstrate
its abilities there. It is probably worth examining how these results would be
presented to a typical user and study the most effective ways to present this
information.

Another direction for future research would be to understand how to do
this in a streaming approach efficiently. In a streaming implementation, the
question of how soon one might be able to make a confident prediction could be
relevant. This would require understanding the important points in the potential
future trajectories where there is a significant divergence between different sets
of trajectories.

Finally, given the success of our proof-of-concept neural approach, a third
direction for future research would be to explore more complex neural network
architectures for our model. Specifically, three architectures hold promise for
this domain: convolutional (CNN) networks should be able to pick up on small-
scale movement patterns and use this information to inform their prediction;
LSTM networks are well equipped to handle time series data, and should be
able to gradually refine their predictions as they process each waypoint of a
subtrajectory; and finally, the Transformer network is adept at making associ-
ations between distant regions of a sequence and may be able to produce the
most nuanced predictions of all three of these architectures.
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