2024 |IEEE International Conference on Robotics and Automation (ICRA 2024)

May 13-17, 2024. Yokohama, Japan

SWTrack: Multiple Hypothesis Sliding Window
3D Multi-Object Tracking

Sandro Papais!, Robert Ren', and Steven Waslander!

Abstract— Modern robotic systems are required to operate
in dense dynamic environments, requiring highly accurate real-
time track identification and estimation. For 3D multi-object
tracking, recent approaches process a single measurement
frame recursively with greedy association and are prone to
errors in ambiguous association decisions. Our method, Sliding
Window Tracker (SWTrack), yields more accurate association
and state estimation by batch processing many frames of sensor
data while being capable of running online in real-time. The
most probable track associations are identified by evaluating all
possible track hypotheses across the temporal sliding window.
A novel graph optimization approach is formulated to solve
the multidimensional assignment problem with lifted graph
edges introduced to account for missed detections and graph
sparsity enforced to retain real-time efficiency. We evaluate our
SWTrack implementation on the NuScenes autonomous driving
dataset to demonstrate improved tracking performance.

I. INTRODUCTION

3D multi-object tracking (MOT) is a fundamental compo-
nent of robotic systems operating in dynamic environments,
such as autonomous vehicles. Accurate tracking performance
is essential to predict the future motion of nearby objects
and perform path planning. MOT performs a central role by
temporally aggregating perception information from sensors
into histories that describe object motion in the environment.

Tracking performance is affected by several sources of
uncertainty. First, object detections from modern deep object
detectors are often noisy and include many false positives and
false negatives. Second, the motion of objects is uncertain, it
can vary for different objects and change over time. Finally,
the number of objects to be tracked is unknown and changes
as objects enter and leave the field of view of the robot.
These issues create ambiguities in what new observations to
associate with existing tracks, when to initiate new tracks,
and when to delete old tracks.

Most recent 3D multi-object tracking algorithms rely on
single-frame recursive filtering [1], [2], [3], [4]. These meth-
ods solve data association of current observations to previous
tracks. The track filters are updated with the associated mea-
surements and association decisions cannot be revised when
new information becomes available in the future. The single-
frame approach is sufficient in simple tracking scenarios with
few objects, limited occlusion, and low measurement noise.
However, in more challenging operational environments such
as densely populated scenes, ambiguities arise that cannot be
resolved in the current frame and lead to tracking errors.
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Fig. 1. An example illustration for multiple hypothesis tracking with noisy
observations from 3 objects. Observations of objects are shown as blue
boxes, association decision variables are blue lines, tracked objects are red
boxes, and track histories are red lines. Our sliding window tracker solves
an association problem over many frames and can rectify decisions made
in past frames with more recent information. The association is solved by
optimizing over a multidimensional graph structure to obtain 3D trajectories.

In order to improve tracking performance we developed a
sliding window tracker that solves the tracking problem over
a temporal window of observations instead of a single frame
at a time (see Figure 1). We formulate the multidimensional
assignment problem over multiple frames as a weighted
graph optimization. The graph is assembled iteratively online
and unlikely graph edges are pruned to reduce the feasible
solution space. Track hypotheses are formed by enumerating
all possible traversals of the remaining graph edges and
limiting to the top N hypothesis candidates. Graph pruning
and top N hypotheses strategies are used to address the
exponential complexity of hypothesis growth and reduce the
optimization problem to a more tractable size.

The likelihood of each track hypothesis is estimated by
the log-likelihood ratio of observations forming a track to
observations being noise or another object. A likelihood
ratio is derived that combines multiple independent sources
of information to support hypothesis selection: kinematic
likelihood, detection confidence, and LIDAR or camera mea-
surement similarity. The globally optimal tracking solution
is approximated by finding the highest likelihood track asso-
ciation hypotheses and track states for our reduced problem.
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The key contributions of this work are to (1) develop
a novel multidimensional graph optimization formulation
of multiple hypothesis sliding window tracking for mobile
robotics applications, (2) create a sparse graph structure with
lifted edges that can be efficiently assembled and solved on-
line, and (3) derive a log-likelihood ratio for hypothesis scor-
ing using kinematic likelihood, feature embedding similarity,
and detection confidence. We verify our proposed method
more accurately estimates object trajectories in challenging
tracking scenarios for autonomous driving compared to the
typical single-hypothesis tracking approaches.

II. RELATED WORK

In 3D multi-object tracking, the standard approach uses a
3D object detection algorithm to generate observations from
sensors such as LIDARs and cameras [5], known as tracking-
by-detection. A distance or similarity metric is computed for
each pair of object detections and tracked objects predicted
in the current frame. The association problem is a weighted
bipartite graph or linear assignment problem and is typically
solved by the greedy nearest neighbor method or a Hungarian
algorithm variation [6], [7]. The matching solution is used
to update the track positions in the current frame. Tracks are
initiated after multiple consecutive matches are made and
deleted after no association is made for a given duration.

The standard 3D tracking approach was detailed in
AB3DMOT [5] which used a 3D intersection over union
association metric. In CenterPoint [1] the object detector
was trained to regress velocity estimates for each bounding
box observation, the velocity measurements are used for
tracking with a simple Euclidean distance metric for the
association. VoxelNeXt [2] builds on CenterPoint by tracking
using query voxels or object key points instead of tracking
using predicted object centers.

Several other 3D tracking methods propose to incorporate
camera information to help with tracking. EagerMOT [3]
added a multi-stage association approach using 2D object
detections from cameras and 3D object detections from LI-
DAR to maintain 2D tracks and 3D tracks in parallel, where
tracks can be updated by a 3D object detection, 2D object
detection, or both. ProbabilisticMOT [4] tracks 3D objects
using a learned distance metric based on the fusion of 3D
LIDAR features, 2D camera features, and 3D Mahalanobis
distances. CAMO-MOT [8] builds on ProbabilisticMOT by
further learning model occlusions.

An alternative approach to tracking involves joint detec-
tion and tracking. AlphaTrack [9] jointly trains a LIDAR
object detection branch and camera embedding branch, using
position and visual features for tracking. SimTrack [10]
performs detection and tracking using pairs of point clouds
to regression motion for a simple learned tracker. PFTrack
[11] is an end-to-end trained multi-camera 3D framework
using transformers to represent tracked instances over time
as object queries. 3D MODT [12] performs joint detection
and tracking in 3D point cloud data also using a transformer
encoder. While these methods show promise they usually do
not perform as well as tracking-by-detection methods.

The multidimensional assignment problem has not been
extensively explored in the literature for robotics applica-
tions. However, multiple-hypothesis tracking (MHT) was
formulated by Reid in 1979 [13] to improve tracking per-
formance in cluttered environments. Subsequent formula-
tions expanded on this method with additional approaches
and more efficient solutions [14]. While MHT is a well-
known concept in multi-target tracking, it has seen limited
application in mobile robotics. Our approach extends the
multiple hypothesis tracking idea by mapping it to a mul-
tidimensional graph optimization problem that can be effi-
ciently solved online for robotics applications and is simpler
to implement than Lagrangian relaxation multidimensional
assignment methods [15], [16].

III. METHODOLOGY

The sliding window tracker is made up of four primary
components as detailed in Figure 2. LIDAR and Camera
sensor data are processed into feature embedding and de-
tections. A sparsely connected multidimensional association
graph is assembled from detections with the addition of
lifted long-range edges. The association graph is mapped to
a track hypotheses selection optimization problem that can
be efficiently solved. The global association solution is used
to assign track identification numbers to observations, filter
track states, delete old tracks, and initiate new tracks.

A. Preliminaries

The sliding window tracking goal is to estimate the
states X; = X;k-T:k = {Xi,kaa R 7Xi7k717Xi7k} at
discrete times & — T to k for each tracked object i
given the associated noisy measurements y = y; p_7:x =
{¥ik-1,---¥Yik—1,¥ir} The object states are represented
by X, = [I‘lk. or Vsz s;kr, where 1, € R? is
the object center position in the global frame, 8;; =
[0 0 ;] is the orientation expressed using only yaw,
vk € R3 is the velocity, and s; 5 = [lix Wik hig]' is
the bounding box dimensions.

To estimate object trajectories we first find the most
probable measurements, y;, for a given tracked object i. We
evaluate the track hypothesis probability or track score using
the standard likelihood ratio [17], [18] between the target
hypothesis and the null hypothesis as

_ p(H1|D:) _ p(Ds|H1)p(H)

" p(HoDi) — p(Di|Ho)p (Ho)’
where the target hypothesis, H1, is the measurements, y;, be-
longs to the same object. For convenience, the log-likelihood
ratio, A; = log(A;), is used as the track score and can be
converted to track probabilities p(H;|D;) = e*i /(1 + e).

(D

B. Online Sparse Graph Assembly

The association objective is to find the set of track hy-
potheses with the maximum likelihood ratio without reusing
the same observation more than once. The multidimensional
assignment problem at time %k over the past 7' frames can

be expressed as a dense directed acyclic graph, G{;¢ =
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Fig. 2. Sliding window tracker architecture. (a) Measurement data is passed through a 3D encoder to extract feature embeddings and generate detections.
(b) Detected objects are used to expand the sparse graph nodes and find new edges with lifted edges shown as blue lines. (c) Track hypotheses and
likelihoods are drawn from the graph and solved by linear programming. (d) Tracks are assigned IDs and filtered to obtain the tracking solution.

(V;E%), with V nodes being the detections across the
sliding window, and E¢ edges are all possible associations of
detections across the sliding window. A key distinction in our
work is that the graph is defined to include skip connections
or lifted edges between non-adjacent frames in order to allow
for the association of objects through occlusion or missed
detections.

The dense multidimensional association graph has a graph
order and graph size given by

k ko k
V| = Z N;, |EY = Z ZNiNj, 2

i=k—T i=k—T j=i

where N; is the number of detections in frame 7. The set of
possible track hypotheses, Z, on the dense graph is given by

k k
1z = J] Ni+1)= > (V) -1 3)
i=k—T i=k—T

The track hypotheses can take on N; + 1 states in each
frame ¢ including the additional null state that represents
a skipped connection. Hypotheses that do not contain at
least two detections are not removed. Due to the exponential
number of hypotheses to be evaluated, O(N T), the solution
is intractable for a large number of frames as it is an NP-hard
combinatorial optimization problem [19].

To approximate the multidimensional assignment we de-
fine a sparse graph, G;*°/; = (V; E®), by retaining the
nodes from the dense graph and removing low probability
edges. For edge deletion, two strategies are implemented:
class-based and distance-based. Class-based edge deletion is
used to remove edges between observations from different
predicted classes (car, truck, pedestrian, etc.). Distance-based
edge deletion removes pairs of objects that exceed a class-
wise 99.9 percentile of the velocity error distribution. Since
edges can span multiple time steps the distance limit is
dlim = Vim0t with an upper bound to avoid distant solutions.

The graph is assembled online by reusing the previous
graph and modifying it. The graph is contracted at frame

k—T —1 by removing the oldest nodes. Nodes are added at
frame k—T to include dormant tracks older than frame k—T
up to a threshold k& — T — T,q. The graph is expanded at
frame k£ by adding nodes for the newest detections received.
For each new node added, edges are added to every node in
other frames. For each new edge, distance-based and class-
based deletion rules are also applied.

C. Multidimensional Assignment

Using the association graph we define the multidimen-
sional assignment problem in a compact matrix form as the
integer program given by

argmax ¢, z,
& @)
subject to  Ayzy, < by, 1z € {0,1}7°",
where zj, € {0,1}""" is the binary decision variable that
represents the acceptance of p track hypotheses, c;, € RP*!
is the cost vector with the likelihood of each track hypothesis,
A € {0,1}7*F is the binary constraint matrix with ¢
constraints, and by, = 19%! is the constraint vector.

The mapping between the multidimensional assignment
problem and association graph is defined by the hypothesis
map, Zmap, , € 7P*T_ Each map entry, Zmap, contains the
graph node index for the ¢th hypothesis at the jth frame with
a value from 1 to N; or 0 to indicate a skipped connection.
The track hypotheses map zp,, contains all the possible
traversals of the graph G;"%/7F .

Hypotheses tree management follows a detection-oriented
approach. The latest observations form the root of the track
hypothesis trees. At each new frame, the hypotheses map
is expanded by branching each hypothesis into new ones
via new edges in the graph. During tree expansion, the past
hypotheses are combined with a new root node for each
detection. During tree contraction, one frame of nodes is
removed. The hypotheses vector is then contracted again by
taking the M best track hypotheses from each family of
hypotheses originating from a given node at time k.
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The number of hypotheses before and after enforcing M-
best hypotheses approximation are

k Ny,
(Ni+1)— Y (No)—1, p'=> M. (5

i=k—T i=1
Therefore, the decision variables are reduced from expo-
nential in the number of frames, O(NT), to linear in the
number of max hypotheses, O(N M), leading to a significant
reduction in hypotheses count and solution time. Graph
sparsity further helps reduce the memory and computation
cost to build the optimization problem by removing unlikely
hypotheses before even computing them.

The constraint Az, < b, ensures that each detection
cannot be used more than once in the solution. The number
of constraints is equal to the number of nodes in the graph,
q= Zf: w7 IVi. The matrix Ay, is extremely sparse and the
number of nonzero elements is given by nnz(Ay) ~ TN
for the case where we have the same number of detections
in every frame, N. This leads to a sparsity (Ay) > 0.99
for typical tracking problems (/N > 100) that allows this
formulation to be solved efficiently by commercial solvers.

The integer program in Equation 4 generally cannot be
solved in polynomial time. However, since the Ay is a
totally unimodular matrix and by, is integral then the linear
programming (LP) relaxation has an integral optimum when
an optimum exists. Therefore, we can solve an LP relaxation

arg max c} z, (6)
subject to Ayzi <bg, 0<z,<1. @)
online with a guarantee of a solution in polynomial time.
D. Track Hypothesis Likelihood

The log-likelihood ratio for hypothesis ¢ is computed as
D;|H H
o s <ZEDH§§§EH§§) | ®

We consider multiple sources of independent data to support
each hypothesis, p (D;) = p (D¥, D5, D), such that

p(DE|Hy) p(D§|Hy) p(D§|Hy) p(Hy)
fo <P(D§-(|Ho)p(D§|Ho)p(DﬂHo)p(Ho)) - @

C;, =

Therefore the log-likelihood ratio between a given track
hypothesis, i, and the null hypothesis is modeled with four
factors: the prior, kinematic likelihood of the trajectory,
detection signal confidence, and embedding similarity.

prior

ci = " 4 chin - cgont p esim, (10)

The prior log-likelihood ratio is a constant and can be
omitted. The kinematic log-likelihood ratio for a given track
hypothesis ¢ at frame k is computed as

p(Yi,o:chi,o:k)), (11)

kin p(Di(lnH:l))
c," =log ( = log
p(Dy™|Ho) p(yi,0:k[Ho)
where y; j, is the most recent measurement, k, for track hy-
pothesis ¢ and Hy is the null hypothesis that the measurement

¥ix 1s not part of the track. We assume a linear Gaussian
model with a constant velocity motion model

Xik = Ajp—1Xik, Yok = CipXip + 04, (12)

with process noise, wy, ~ N (0,Qg), and measurement
noise, ny ~ AN (0,Ry). Uncorrelated noise is assumed to
factor the likelihood ratio and iteratively compute it as

km p y’L;J
= log
H p(yij|Ho)

Xij)

(13)

The kinematic likelihood of the measurement (i, k) at time
k belonging to hypothesis ¢ is modeled as a Gaussian
distribution and likelihood of a false detection is a uniform
distribution over the measurement volume V'

N (yikl%in: Pik)
A kin =1 > Ry~ T, 14
cl k Og ( U(V) ’ ( )
d2
Aciy o 5 1og\P1k| . (15)
where constant terms are omitted, di,k = (yix —

kzk)TPjé (Yix—%i ) is the squared Mahalonobis distance,
X; x is the predicted state of track hypothesis, and Pi,k is
the predicted covariance. A Kalman filter is run for each
hypothesis to predict the states and covariance of each object.

The appearance similarity log-likelihood ratio for a given
track hypothesis ¢ at frame k is defined as

i _ Jog <P<X0k—1>) 7
(X x| Ho)

7

C (16)
where X ;. is the sensor data at frame k corresponding to
object i. Since the geometry and appearance of objects may
change over time we model the similarity across neighboring
pairs of frames and iteratively update it online

snn_lg Hp

To compute the snmlanty ratio we compute an embedding
for each object ¢ at time k by bilinear interpolation as

h; ;, = BilinInterp(f (X %), (Wi g, vik)),

where f(X; ) is the encoder feature map and (u;,v; k)
are the normalized coordinates of the object location in the
feature map. The pairwise similarity metric is given by the
cosine similarity as sim(hy,hy) = hy " hy/|/hy | ||hz]. For
pairs of embeddings of objects across frames, we can com-
pute the normalized probability using the softmax function

»J|X’LJ 1)

17
7]|HO) an

(18)

exp(sim(h; ;. hy k—1)) (19)
> jzi exp(sim(hy g, hj 1)) ’

where p(X; ;|Hp) is assumed to be constant and omitted.
The classifier confidence scores, f;, are used to compute the
confidence likelihood ratio given the presence of a detection.

D§° | H,) p(fi, yilHi)
Cci:onf _ log <p(1> — log (“’ . (20)
p(D§°“f|H0) p(fi, yi|Ho)

Acsm « log (
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TABLE I
AMOTA EVALUATION RESULTS ON NUSCENES VALIDATION SET.

Tracker [ Detector [ overall | bicycle | bus [ car [ motorcycle | pedestrian | trailer [ truck
CenterPoint [1] CenterPoint [1] 63.8 40.9 799 | 829 54.6 73.6 48.8 65.2
ProbalisticMOT [4] CenterPoint [1] 61.4 38.7 79.1 | 78.0 52.8 69.8 49.4 62.2
SWTrack CenterPoint [1] 65.6 48.0 85.1 | 77.9 59.6 80.4 41.4 67.0
CenterPoint [1] BEVFusion [20] 70.4 66.9 85.1 | 84.7 76.3 59.3 49.6 71.6
SWTrack BEVFusion [20] 71.6 64.8 82.8 | 83.2 72.9 74.9 48.7 70.0

The joint probability of the confidence scores, f;, and a
detection occurring, y;, can be expanded for each frame

fily:, Hi)p(y:|Hy)
Act = o <p( ’ xlog (£)). (1
K =18 Sy, Hoply: oy ) <08 - D

If no detection is present in the track hypothesis and the
frame is skipped then

. 1— P . .
AP = log ( D ) . Al = Agm =0, (22)

1— Ppa
where Pp is the probability of detection given a ground truth
object taken as the detector true positive ratio and Pra is the
probability of false alarm which is the detector false negative
ratio. The log-likelihood ratio is computed recursively at each
new frame k for each hypothesis ¢ as

Chi = Cryi + A + AT+ Ac™. (23)

E. Track Management

Track management is responsible for mapping the tracking
solution over the sliding window to the track decisions made
in the past. In order to maintain real-time performance and
causality in the tracker, the updated solution to previous time
steps is not updated in the official track solution. At each
time step the best decision is output by mapping the global
hypothesis to track-detection pairs in the current frame.

The tracker outputs the current tracks as a list of bounding
boxes with a unique track ID. Since the sliding window
tracker is able to revise old association decisions it is possible
that a track solution may have multiple past track IDs, in this
case, the most recent track ID is taken for the solution.

While the tracker only outputs the current tracks for the
purpose of evaluation, one additional benefit of this method
is that it can also improve the accuracy of past tracks. In
robotics applications, the entire history is helpful since it
can be used for the prediction of future motion and is the
most accurate tracking information.

We follow standard rules for track maintenance by ini-
tiating a track once it has been observed at least twice. If
the track has not been seen for 4 frames it is deleted. Track
states are filtered using a Kalman filter for the track states
and the box dimensions are averaged over past observations.

IV. EXPERIMENTAL RESULTS

We evaluate our method on the NuScenes [21] dataset.
The NuScenes validation set contains 6019 labeled samples
at 2 Hz. The samples are split into continuous scenes of 20
seconds long. The tracker is initialized at the start of each
scene. Our proposed method is tested using embeddings and

detections from two 3D object detection methods. The first
detector is CenterPoint [1] using LIDAR data as inputs. The
second detector is BEVFusion [20] which encodes LIDAR
and multi-view camera inputs. We only compare tracking
results against methods with the same input detections for
a fair comparison with other state-of-the-art methods. We
evaluate using various sliding window lengths from 0.5 to
2.5 seconds and the maximum hypotheses per node set to
200. The Gurobi solver [22] is used in all experiments.
Performance is evaluated using Average Multi-Object
Tracking Accuracy (AMOTA) [23]. The MOTA metric is
FP + FN + IDS

where GT is the number of ground truth objects, FP is a
false positive object track, FN is a false negative object track,
and IDS is an identity switch meaning the object is in the
correct position but the association was incorrect. The metric
is averaged over a set of L discrete recall values or track
score confidence thresholds, r € {+,2,--- 1}

AMOTA — %Zr <1 - FPT+FN,\+IDST—(1—r)GT). (25)

(24)

r-GT

We benchmark our method, SWTrack, using the Center-
Point detections against the ProbablisticMOT [24] LIDAR
variant and CenterPoint[1] trackers. We also benchmark
against the CenterPoint tracker using the improved BEV-
Fusion detections. As shown in Table I and Table II our
method outperforms both previous tracking methods when
using both detector variations. This shows that our method is
able to correctly reason over multiple frames to improve the
tracking performance over single-frame tracking approaches.
Our method in particular performs much better for tracking
difficult classes with less predictable motion such as pedes-
trians, bicycles, and motorcycles.

TABLE I
EVALUATION RESULTS ON NUSCENES VALIDATION SET.

Tracker | Detector | AMOTA [ FP | FN [ IDS
CenterPoint | CenterPoint 63.8 18612 | 22928 | 760
SWTrack CenterPoint 65.6 11280 | 23035 | 926
CenterPoint | BEVFusion 70.4 14014 | 21386 | 744
SWTrack BEVFusion 71.6 12986 | 19621 | 849

To evaluate the improvements of our method we study
the ablation of the sliding window length parameter 71" using
the BEVFusion detector, shown in Table III. When using
a sliding window length of 2 frames, the sliding window
tracker reduces to a simple single frame tracker and shows
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Qualitative tracking comparison with a horizon of two frames (top) and four frames (bottom) on the NuScenes validation set. In the first column,

a group of 5 pedestrians are being tracked. In the second column, 2 seconds later, the tracks are lost due to occlusion. In the third column, 2 seconds later,
the objects reappear and the sliding window tracker is able to recover the full track history while the single frame tracker creates new tracks.

similar performance to the CenterPoint tracker as expected.
As the number of frames is increased there is an increase
in performance of 0.5, 0.6, and 0.2 AMOTA for each frame
number increase. In addition, the number of track identity
switches (IDS), is reduced by 336 when switching from a
tracking horizon of 2 to 4, which illustrates an improved
ability to associate observations. When tested with a horizon
of more than 5 frames the performance improvements show
diminishing improvements on NuScenes while incurring sig-
nificant increases in computational overhead.

Despite the complexity growth as the sliding window
horizon expands, we find that for 7' = 4 frames, we can
operate reliably at 0.1 s latency on an 17-9800X CPU. When
benchmarking the runtime it was found that the computa-
tional bottleneck was during the assembly of the optimization
problem rather than solving it. This suggests it is possible to
further speed up the implementation by improving the code
vectorization and parallel computation.

TABLE III
ABLATION ON THE NUMBER OF FRAMES BATCH PROCESSED IN THE
SLIDING WINDOW TRACKER.

SW Length | AMOTA | FP_| FN_ | IDS
2055 705 | 11298 | 20129 | 1185
3(1.55) 710 | 17031 | 21733 | 994
4205) 716 | 12986 | 19621 | 849
5255) 718 | 12735 | 18943 | 801

A study of the qualitative performance of the sliding win-
dow tracker has shown three main improvements: occlusion

handling, false positive reduction, and track length. First, the
tracker is able to maintain tracks through occlusion better
by increasing the receptive temporal range of association as
shown in Figure 3. Single-frame trackers like CenterPoint
are typically restricted to maintaining tracks for 3 frames
without a new detection before deleting them, while we
can effectively reason about longer tracks and score them
in relation to other hypotheses.

The sliding window tracker also exhibits significantly
fewer false positive detections. Since the log-likelihood ratio
cost function incorporates detection confidence, similarity,
and distance metrics it is able to efficiently filter out spuri-
ous detections. Tracks are also maintained much longer on
average due to the ability to avoid switching track IDs with
low-quality detections.

V. CONCLUSION

Sliding Window Tracker solves the multidimensional as-
signment problem by efficiently constructing a sparse graph
with lifted edges to model complex association connections.
This graph is used to approximate the multiple hypothesis
tracking solution and generate an association of current de-
tections to existing tracks. This method is well tailored to 3D
robotics perception in difficult dynamic environments since it
can better model difficult associations and easily incorporate
multiple forms of available data derived from modern sensors
into track likelihoods. Our approach demonstrates an updated
formulation to apply multiple hypothesis tracking to modern
robotics applications such as autonomous driving.
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