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Abstract—Multiobject tracking (MOT) is an important task
in robotics, autonomous driving, and maritime surveillance.
Traditional work on MOT is model-based and aims to establish
algorithms in the framework of sequential Bayesian estimation.
More recent methods are fully data-driven and rely on the train-
ing of neural networks. The two approaches have demonstrated
advantages in certain scenarios. In particular, in problems where
plenty of labeled data for the training of neural networks is
available, data-driven MOT tends to have advantages compared
to traditional methods. A natural thought is whether a general
and efficient framework can integrate the two approaches. This
paper advances a recently introduced hybrid model-based and
data-driven method called neural-enhanced belief propagation
(NEBP). Compared to existing work on NEBP for MOT, it
introduces a novel neural architecture that can improve data
association and new object initialization, two critical aspects of
MOT. The proposed tracking method is leading the nuScenes
LiDAR-only tracking challenge at the time of submission of this

paper.
Index Terms—Multiobject tracking, Bayesian framework, neu-
ral networks, LiDAR, autonomous driving,

I. INTRODUCTION

Multiobject tracking (MOT) [1], [2] is an important ca-
pability in a variety of applications, including autonomous
navigation, applied ocean sciences, and aerospace surveillance.
In MOT, the number of objects to be tracked is unknown,
and there is measurement-origin uncertainty, i.e., it is un-
known which object generated which measurements. Thus, key
aspects of MOT methods are data association, object track
initialization, and sequential estimation. Traditional model-
based MOT methods have evolved from Bayesian filtering
theory and perform object track initialization, motion predic-
tion, data association, and measurement updates based on well-
established statistical models. Model-based MOT approaches
include vector-type methods such as the joint probabilistic
data association (JPDA) filter [3], the multiple hypothesis
tracker (MHT) [4], and belief propagation (BP) [5]. Recent
developments in this Bayesian framework [6] also include set-
type methods [7] such as the probability hypothesis density
(PHD) filter [8], the labeled multi-Bernoulli (LMB) filter [9],
and Poisson multi-Bernoulli (PMB) filters [5], [10], [11]. To
obtain tractable algorithms, model-based methods are typically
implemented using a Gaussian mixture or particle-based repre-
sentation of probability density functions (PDFs). Model-based
MOT methods have been tailored to specific applications by
introducing additional parameters to be estimated and tracked,
such as the time-varying detection probabilities [12], [13],
maneuvering motion [12], [14], and objects extents [15], [16].
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Fig. 1. Considerd multiobject tracking scenario. LiDAR measurements,
ground truth, and tracking results of the proposed method. The orange dashed
rectangles indicate the object estimates and the black rectangles indicate
ground truth..

A recent trend in MOT is using data-driven methods that
make use of neural architectures such as the multi-layer
perceptrons (MLPs) [17], graph neural networks (GNNs) [18]—
[21], and transformers [22]-[24] that are trained with labeled
data. Although their structures vary, the primary objective of
most data-driven methods is to extract information for data
association and object track estimation. For example, [19] used
a GNN to perform data association. Due to the expressive
power of neural networks [25], data-driven methods are able
to extract complex features from data that are difficult to be
described by a statistical model.

Recently, neural-enhanced belief propagation (NEBP) for
MOT was introduced to combine the advantages of model-
based and data-driven approaches [26]. NEBP combines BP-
based MOT [5], [27] with a GNN that extracts features from
raw sensor data and exchanges information with model-based
BP. One significant advantage compared to fully data-driven
methods is that established statistical models can still be
utilized. At the same time, neural networks enhance traditional
models with information learned from raw sensor data. The
original NEBP approach can achieve state-of-the-art perfor-
mance in autonomous driving scenarios [26]. In this paper,
we propose NEBP+ for MOT. Compared to the original NEBP
approach [26], NEBP+ introduces an improved neural archi-



tecture and makes use of additional types of features. The key
insights leveraged by the neural architecture of NEBP+ is that
the overall MOT performance can be increased significantly
by (i) using precomputed differences of features as input to the
neural architecture and (ii) fusing different feature similarities
based on learnable weights. The contributions of this paper
can be summarized as follows.

1) We propose a novel neural network architecture that
enhances the messages of BP-based MOT by learned
information and features extracted from raw sensor data.

2) The proposed NEBP+ method is applied to the nuScenes
autonomous driving dataset [28] and can achieve state-
of-the-art object tracking performance.

At the time of submission of this paper, the proposed tracking
method is leading the nuScenes LiDAR-only tracking chal-
lenge [28].

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we will introduce the basic assumptions for
Bayesian MOT and establish the used notation.

A. Object States and Transition Model

At time k, there are Nj potential objects (POs) va, S
{1,2,..., Ny}, where Ny is the maximum possible number of
objects that have generated a measurement, and the existence
of each PO is modeled by a binary random variable 7} €
{0,1}. A PO x! exists if and only if r{ = 1. For simplicity,
we use the notation yi = [(xi)T ri]T for a PO state that has
been augmented by an existence variable. An object detector is
applied to sensor data and produce .J;, measurements denoted
as z. = [(a]) | (22)7 - (27) "]

Generally, there are two types of POs:

1) The Legacy POs: y! = [(x})" r3]",i € {1,2,..., I}
represent objects that have generated a measurement at a
previous time step k' < k. The joint state of legacy POs
is defined as y, = [(y;)" -~ () "]".

2) The New POs: 5, = [(X})T 71,7 € {1,2,..., Jy} rep-
resent objects that generate a measurement at time k for
the first time. Each measurement z;,j € {1,2,...,Jy}
will form a new PO ¥. The joint state of new POs is
defined as y;, = [(¥3) " --- (7¢*) "1™

When the measurements of the next time step are considered,
new POs will become legacy POs. Thus, the number of legacy
POs at time k is Iy, = Ix_1 + Jr_1 and the total number of
POs is N = I + Jj. The joint PO states y, at time k is
defined as y;, = [(Zk)T‘ SN

Given the PO state y; _; at time k — 1, its transition to the
legacy PO Xi at time k is assumed to be independent and
identical according to a Markovian dynamic model [1]. Then,
the transition PDF of the joint PO states y,_; at time k — 1
can be expressed as
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If the PO i does not exist at time k — 1, i.e, 7i_, = 0, it
cannot exist at time k. Thus, the state transition PDF can be
expressed as
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where fp(x%) is an arbitrary “dummy” PDF since states of
nonexisting POs are irrelevant. If the PO ¢ exists at time k —
1, i.e. 7’271 = 1, then it continues to exist with a survival
probability pq, i.e.,
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B. Data Association and Measurement Model

In this paper, we only consider the point object tracking, i.e.,
each object can generate at most one measurement, and each
measurement can originate from at most one object. The for-
mer is described by the “object-oriented” data association vec-
tor a = [af a} --- a;*]", where each element takes value in
{0,1,2,..., J}. The latter is described by the “measurement-
oriented” data association vector by, = [bf, b7 --- b}*]T, where
each element takes value in {0, 1,2,...,I;}. Under the data
association assumption, they are equivalent since one can be
determined from the other [5]. The indicator function is used
to check whether a;, and b;, are consistent, i.e.,

Iy Jk
®(ay, bi) = H H o™ (a;c’ b;c)v
i=1j=1
where _ ,
0, al,=jb),#i
by =i ap #j
1, otherwise.
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The factor ®(ay, by) = 1 if a;, and by, describe the same valid
data association event. For a legacy PO ¢, the state likelihood
function is defined as

_ _ paf (2] |x;) ai =j
Q(XzylaaZQZk) = e fea(z3,) k (1
1-— Pd, a}c = 0

q(x}, 0, ay; 20) = 1(ag,)
where p; denotes the detection probability and 1(ai) denotes
the indicator function, ie. 1(a}) = 1 if ai = 0 and 0
otherwise. If a measurement j € {1,...,J;} is generated
by a PO i, it is distributed according to f(zj|x}). If the
measurement j is not generated by any PO, it is considered as
the false alarm measurement, which is independent and iden-
tically distributed (i.i.d.) according to fga(-). The number of
false alarm measurements is modeled by a Poisson distribution
with mean ups. For new PO j, the state likelihood function is
defined as
P fu(Rp)f(Z%5) 15 _
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0, bl #0
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New POs are i.i.d. according to f,(X}), and the number of
new POs is modeled by a Poisson distribution with mean ji,,.
A detailed derivation of v(-) and ¢(-) is provided in [5], [26].

C. Object Declaration and State Estimation

In our Bayesian setting, we declare the existence of POs
and estimate their state based on the marginal existence prob-
abilities p(rj, = 1|z1.4) and the conditional PDF f(xj, |r}, =

1,2z1.;). More specifically, a PO is declared to exist if
p(r}; = 1|z1.) is above the threshold Tj.. For PO ¢ that is
declared to exist, a state estimate of x} is then provided by
the minimum-mean-square-error (MMSE) estimator [29], i.e

% = / s F ok | 7 = 1, 21,0 dx

Note that the existence probability and the conditional PDF
are computed as p(ry = 1|z1.) = [ f(xk, ) = 1| z1.)dx],
and f(x;|ry, = Lzik) = f(yilzue)/p(ry = 1]z1k).
Thus, both tasks require computation of the marginal posterior
PDF f(y!|z1.k) = f(xi,7%|2z1.k). By applying BP following
[5, Sec. VIII-IX], accurate approximations (a.k.a. “beliefs”)
f(yt) ~ f(yi|z1.x) of marginal posterior PDFs are obtained
efficiently.

Since a new PO is introduced for each measurement,
the number of POs grows with time k. Thus, POs whose
approximate existence probability is below a threshold T,
are removed from the state space.

III. THE METHODOLOGY

This section introduces the proposed NEBP+ method. It first
reviews the factor graph and BP for MOT and then introduces
the new neural architecture.

A. Factor Graph and BP for MOT

With the assumptions in section II and other common
assumptions [5], the factorization of the joint posterior PDF
(Yo, @1:k, 1.1 |Z1.1) 18 given as follows

f(YO:k7 ai:k, bl:k|z1:k)

No k Nk:’ 1
o<<H f(yg)>H H fyulyi—1)
n’=1 k'=1 n=1
Iy Jyr
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X Hv(yi,,bi,;zfc,).
j=1

The factorization above provides the basis for a factor graph
representation in Fig. 2 [26]. Since the considered factor graph
has loops, the order of message passing is given as (i) BP
messages are only sent forward in time, (ii) iterative message
passing is only performed for data association and at each time
step individually. BP for MOT consists of the following three
steps.

1) Prediction: The prediction step uses the same princi-
ple as [5], where the messages passing from factor nodes
f(¥,|¥)_1) to the variable nodes (y,,aj) (See Fig.2) are
computed as

o (xh, 1) =

Z /f (X T Xk —1: k1)

71 1€{0,1}
X f(Xk—lvTZk—l)dX;c—lv

where f (+) denotes beliefs computed at the last time step [5].

2) Iterative Probabilistic Data Association: After the pre-
diction step, an iterative probabilistic data association step is
performed for each legacy and new PO. In brief, the objective
of this step is to find the global soft data association by
exchanging information of local likelihood evaluation among
all nodes (y? ,a;,) and (7%, by,)-

At message passing iteration ¢ € {1,2,..., L}, the mes-
sages ¢, bl (b] ) and €]’ 4l (a}) pass from the 1ndlcat0r factor
¢¥7 (al,bl) to the varlable node (¥7,,b),) and (vi,aj). The
entire iterative steps are given as

ZJ[Z] bJ Z Bk: </>” ak: bJ H J’ 1[5 ) 4)
g‘k_o J.:_l.
' #i
Iy, Iy,
(1IN G0 1] i’ g, [e—1] /15
IEDIRACALEICTNIAE | REARCARNE)
b, =0 v
where
Z / (xb, 7t akszp) o (xh, rh)dxt  (6)
ri={0,1}
gy =Y [ v, blizh)dx], (7)
7 ={0,1}

The iterative message passing process is initialized by set-
ting go’J m(b]) =1 foral j € {1,2,...,J;} and ¢ €
{1,2,... I}

3) Belief Update: After the last message passing itera-
tion £ = L, the beliefs f(yk,ak) i €{1,2,...,Ix} and
fF,bl), je{1,2,...,J;} are computed according to

Jx
T ) = Gral ki m)ow(y)) H e (aj)
FF160) = —7v(Fi. bl 74 H@ (o)
k

where both notations Qz.,é‘,i are normalized constants to
make sure that the final beliefs f (yZ, al), f(y7, b)) integrate
to unity. By performing marginalization for them to obtain
f (yk) f (¥7.), these beliefs are used for object declaration and
estimation [5] and propagated to the next time step.



Timek —1 I'_Time k | Timek +1
: I
1
fyi-1) >
|
| i BP messages Proposed
| Network
| Architecture
I | Neural messages
I | RY* X (I+1)
£l
F) — 17—
- I
[ 5 Features LIDAR Data i
| i) T () S
| qu UJ"’ Measurements Pretrained i | s
I ¢Ikka Detector i i I 1
I
|

| o)

Factor Graph

e e e e e —

Fig. 2. Block diagram of the proposed NEBP+ approach to MOT. The factor graph, BP messages, and message exchange between the factor graph and neural
architecture are shown. The factor graph processes the measurements provided by the detector at the current time step and beliefs from the previous time step.
The resulting BP messages are passed to the neural architecture. The neural architecture computes the neural messages based on BP messages and a variety
of features provided by the pre-trained detector. (More details on the processing performed by the neural architecture are shown in Fig. 3.) Finally, the neural
messages are passed back to enhance the data association process and track initialization. The following shorthand notation is used: f* = f (X2|y}'§71),
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Fig. 3. Neural architecture of the proposed NEBP+ approach. First, motion, box, shape, and heat features are extracted for each measurement and each PO.
Next, an affinity coefficient is computed for each pair of PO and measurement, and a false alarm rejection coefficient is computed for each measurement.
As discussed in Section III-B, the affinity coefficients are computed based on a linear combination of feature similarity matrixes and BP messages. The false
alarm rejection coefficients are calculated based on the box, shape, and heat features extracted for each measurement by the detector.

B. The Neural Architecture

In this section, we will discuss how the proposed neural
architecture extracts features from LiDAR data and computes
two types of coefficients based on the extracted features. The
coefficients are used to enhance data association and object
initialization performed by BP.

1) Feature Extraction: For each legacy PO i at time k, the
motion feature M} € R* is obtained by MMSE estimation.
The motion feature consists of the objects’ 2D position and
velocity. The box feature E}; € R3 consists of the width,

height, and length of the bounding box that indicates the
size of a PO. The box feature is extracted together with
measurements that initiated the PO.

To extract the shape and heat features of POs, the raw data
(LiDAR point cloud) is passed into the pre-trained backbone
[25] of the FocalFormer3D detector [30]. The pretrained
backbone provides a bird’s-eye-view (BEV) [31] feature map
and heatmap, a unified representation of the LiDAR data in
the coordinate system of the sensing vehicle. The BEV feature
map is generally a 3D tensor map, where each region of the



map encodes a high dimensional volumetric representation of
the object shape information in that region. The BEV heatmap
is also a 3D tensor map, which includes the presence and
category information of potential objects throughout the entire
map [32]. Then, we extract the shape S?C € R% and heat
ﬂ,@ € R3? features from these two maps respectively through
an encoder network (See Fig. 3). The process discussed above
can be summarized as

(Si, Hy) = D(Zk-1;%),_1), (®)
where ﬁfﬁl is the MMSE estimation for a legacy PO ¢ at time
k —1, Z5_1 denotes the raw data at time k£ — 1. The network
D consists of the pre-trained backbone of the detector and an
additional encoder network. For each measurement indexed by
], the motion feature Mk e R* is equal to the measurement
z,, itself while the box feature B, . € R3 is also provided by
the detector. Similarly, the shape and heat features of each
measurement j are obtained as

(S Hy) = D(Z:2}) ©

where §i, ﬁi share the same dimension with §}€,ﬂ}€, respec-
tively. The 2D position information within X;,_; and z], is
used to select the corresponding region in the BEV feature
map and heatmap.

2) The Affinity Coefficient: By utilizing low-dimensional
features (i.e., object position, motion, and size information)
and high-dimensional features (i.e., features extracted from the
raw LiDAR data), the proposed neural architecture is expected
to obtain improved similarity information between objects and
measurements. Similarity is represented by “affinity coeffi-
cients” that are used to improve data association performed
by BP. In particular, the affinity coefficients enhance the
association probabilities by taking the information provided
by the statistical model, the measurements, and the raw sensor
data into account.

Specifically, the affinity coefficient is computed through the
“Affinity Network” (see Fig. 3). By comparing the features
of each legacy PO and measurement, the network computes
four similarity matrices, the elements of which represent
their similarity in the motion, box, shape, and heat features,
respectively. For each PO i and measurement j, the processing
steps of the “Affinity Network™ are as follows:

- The motion feature similarity is obtained as

L = M — My (10)

Rj) = Dy (L) (1)

where L:,f €RY R,, € R and D,, is a neural network.

- The box feature similarity is given by
i
L,” = B, — By
RZJ = D(,(LZ’J)

(12)
13)

where Lz’j € R3, R, € R, Dy is a neural network.
- The shape and heat feature similarities are obtained
similarly, i.e.,

LY =8, -8,
L;’ = Hj, — H;,
R = Dy(LY)
R = D),(LY)

where R%7, R;L’j € R represent the shape and heat feature
similarities respectively, and Dg, D), are neural networks.
- The overall similarity matrix is a weighted sum of
the four matrices discussed above and the BP messages.
These weights are also provided by a neural network,
where we concatenate all distance L7, L)/ L7, and
Lh’] calculated above. The weight output w” is com-

puted as
0 = (L) T ()T ()T )]
w' =D, (Q")
where w™ € (0,1)° and Q% € R, The neural

network D,, is expected to capture the quality of different
features to dynamically assign weights to different types
of similarities. Then, taking each element in whI as the
corresponding weight for different types of features, the
overall pairwise similarity R*J is obtained by a linear
combination, i.e.,

R = (W) TR
where R = [RiJ Ry7 RV Ry’ Ryl]T € R® and
Ry = Bk(ak =) denotes the BP message in (6). Ryj
can be seen as the similarity information provided by the

statistical model.

After obtaining the overall similarity matrix, the last step
is to apply a learnable nonlinear transformation to it, i.e., we
use a neural network Dy to further process R/

17] — DAH(RZ’])

where fpi’j € R denotes the affinity coefficient, which includes
the similarity information between a specific PO 7 and a
measurement j.

3) The False Alarm Rejection Coefficient: To decrease the
influence brought by false alarms, the “False Alarm Rejection
Network™ Dg, is designed to identify which measurements
are likely false alarms (see Fig. 3). Then, for the measurement
identified as a potential false alarm, the false alarm distribution
in the statistical model used by BP will be locally increased.
This false alarm rejection coefficient will help us reduce the
probability that the measurement is associated with an existing
object and initialize a new object track. The false alarm
Bfijection coefficient fJ for each measurement j is computed

fiz = DF&T(E?cagiwﬁ{f)’

where f7 € (0,1) and Dg, is an MLP with a sigmoid function
in the output layer.



C. Neural Enhanced BP

After obtaining the neural messages f7, ” , they will be
propagated back to factor graph to enhance the BP messages
q(xi,rt, al;z;) and v(xk, ., bk, zk) To avoid the codomain
of neural messages differing significantly from the value of
the above two likelihood functions, as in [26], we calculated
the normalized versions of the original BP messages, i.e.,

qs(ziafzv a;;{:; Zk)
q(x?w ’r.?]lga a’i‘? Zk)

Za,ro ka—{o 1} [ a(x i, a2 ) dxj,

US(iiﬂFivbi;zi)
) o 7V 2)
= —F s -,
Zbgt:o ZF{C:{OJ} J o T, by 23, dx,

Finally, as in [26], the normalized messages are enhanced as

fg; : qs(&}m 17 a;lc = ja Zk)
+ frelu(f;"j)

@(if;, 1,bi = O;zi) = fUJJ .

qu(wa 1ua§g = j;zk) =

v(X},,1,b], = 0;27)

where fr () denotes rectified linear unit. In other words, the
BP messages passed from the likelihood function node are
enhanced using the affinity and false alarm rejection coeffi-
cients. This enhancement contributes to refining the iterative
data association process by recomputing messages Bi(al) and
&,.(by.) in (6), (7) using Gs(-) and T, (-) respectively.

D. The Loss Function

We use a “weighted” binary cross-entropy loss for the loss
function calculation. First, for the affinity coefficient f,, the
corresponding loss L 4 is calculated by

Sty ik fy ln(fa(ff;’j )

La = — (14)
“ Sk z
Z Z ( gt p) ( fo'(f77]))
Loao = — (15)
A2 Z Z ( gt p)
La=Lar+ Lao, (16)

where f, denotes the sigmoid function and fgi;f , denotes
the ground truth data association result, i.e., if the PO i is
indeed matched with measurement j, then f;/, = 1 and
otherwise f;’tf , = 0. Please refer to [26] for detailed steps
on obtaining the ground truth. £ 47 represents the accuracy of
estimating the correct data association, while £ 4o represents
the accuracy of estimating no association. The reason for using
the normalization term in (14) and (15) is to deal with the data
imbalance problem, i.e., it is equally important whether a PO
1 is associated with a measurement j or not, regardless of
the number of POs and measurements. Compared to [26], the

proposed loss function emphasizes the significance of correct
measurement-to-objects associations.

For the false alarm rejection coefficient f,,, the correspond-
ing loss function is given as

Z;]il gt,w ln(ff;)

Lp1= — - (17)
Z;}il fgt,w
Zjil(l_ gtw)ln(l_fj)
Lro= —u- qul(li ]t ) (18)
j= gt,w
Lr =L+ Lr 19)

where fé},,w represents the ground truth label for each mea-
surement [26] and u € [0,1] is a tuning parameter. Lpq
represents our classification accuracy for true measurements.
Lo represents our classification accuracy for false alarms.
The tuning parameter is introduced because missing an object
is usually more harmful than having a false alarm.

IV. NUMERICAL ANALYSIS

The section presents results of nuScenes LiDAR au-
tonomous driving dataset [28] to validate our method. This
dataset consists of 1000 autonomous driving scenes and seven
object classes. We use the official split of the dataset, where
there are 700 scenes for training, 150 for validation, and 150
for testing. Each scene lasts roughly 20 seconds and contains
keyframes sampled at 2Hz. The recently introduced Focal-
Former3D detector provides measurements for MOT [30] that
have been pre-processed using the non-maximum suppression
(NMS) technique [33]. We use pre-trained versions of the
FocalFormer3D detector and its backbone.

A. Implementation Details

We use the particle-based implementation of BP-based
MOT, where the number of particles is set to 10%. The state
of a PO xi € R® consists of its 2D position, velocity, and
acceleration. A constant-acceleration motion model models the
object dynamics. The measurement z, € R* consists of the
2D position and velocity. Measurements are modeled using
a linear Gaussian measurement model. The corresponding
likelihood function is used for compution of ¢(xj, 1, aj; zy)
and v(X}, 1 ,b);2z]) in (1) and (2). We also use 3D bounding
box information and the detection score s;, € (0, 1] provided
by the pre-trained detector. In particular, for each new PO,
the corresponding bounding box is stored and used as a box
feature in the affinity network (see Fig. 3). Together with the
probability of existence, the detection score is used to compute
the final AMOTA score for each PO (see [26] for details).

The region of interest (ROI) is given by [P, —54, P, +54] x
[P, — 54, P, + 54], where P,, P, represent the 2D positions
of the ego vehicle. The prior PDF of false alarms fga(-) and
newly detected objects f,(-) are uniformly distributed over
the ROI. All other parameters used in the proposed NEBP+
method are estimated from the training data as in [26] or set
as in [26].



TABLE I
PERFORMANCE OF NUSCENES TEST SET

Method Modalities | AMOTAtT | AMOTP],
Poly-MOT [34] LiDAR+Camera 75.4 422
CAMO-MOT [35] LiDAR+Camera 75.3 47.2
NEBP+ LiDAR 74.6 49.8
BEVFusion [36] LiDAR+Camera 74.1 40.2
MSMDFusion [37] LiDAR+Camera 74.0 54.9
FocalFormer3D-F [30] LiDAR+Camera 73.9 51.4
3DMOTFormer [22] LiDAR+Camera 72.5 53.9
FocalFormer3D [30] LiDAR 71.5 54.9
VoxelNeXt [38] LiDAR 71.0 51.1

TABLE II

PERFORMANCE OF NUSCENES VALIDATION SET

Method AMOTAT | AMOTP]
BP [5] 733 50.8
NEBP [26] 74.3 54.8
NEBP+ (Only Affinity Coefficient with Motion + BP) 73.9 51.5
NEBP+ (Only Affinity Coefficient with Shape + Heat) 74.2 51.9
NEBP+ (Only Affinity Coefficient) 75.1 54.3
NEBP+ (Only False Alarm Rejection Coefficient) 74.2 55.0
NEBP+ (Proposed) 75.3 50.9

The encoder network within the neural architecture D
(cf. (8) and (9)) consists of two convolution layers followed by
an MLP, which is used to extract heat and shape features. The
neural networks D,,,, Dy, Dy, Dy, D, Datt, Drar are all MLPs
with leaky ReLU activation functions in the hidden layers.

B. Performance Evaluation

1) Overall Performance: Two primary metrics for eval-
uating nuScenes are Average Multi-Object Tracking Accu-
racy (AMOTA) and Average Multi-Object Tracking Precision
(AMOTP) [28]. AMOTA includes errors such as false alarms,
missed objects, and identity switches, while AMOTP consists
of position errors between ground truth and estimated tracks.
Details about these metrics are provided in [28].

The performance of the proposed NEBP+ method applied
to nuScenes test data is shown in Tables I. It outperforms all
LiDAR-only reference methods in terms of both AMOTA and
AMOTP performance. The improved performance of NEBP+
can be explained by the fact that it combines the well-
established statistical model for MOT [3]-[5] with learned
information provided by the neural architecture.

2) Ablation Study: Next, we present results based on the
nuScenes validation data. We compare the performance of (i)
traditional BP-based MOT, (ii)) NEBP proposed in [26] that
makes use of the loss functions in (14)—(19), (iii) NEBP+ that
only uses motion features and BP messages as the input of
the affinity network, (iv) NEBP+ that only uses shape and
heat feature as the input of the affinity network. (v) NEBP+
that only uses the affinity coefficient, and (vi) NEBP+ that
only uses the false alarm rejection coefficient. AMOTA and
AMOTP results are shown in Table II.

We have the following observations based on Table II. (i)
The proposed NEBP+ approach yields the largest improvement
in AMOTA performance compared to BP. (ii) While NEBP
[26] has improved AMOTA performance compared to BP, this
comes at the cost of a reduced AMOTP performance. NEBP+,
however, has significantly improved AMOTA performance
compared to BP while yielding essentially identical AMOTP
performance. (iii) In the considered scenario, performance im-
provements related to the affinity coefficient are much greater
than those related to the false alarm rejection coefficient. (iv)
Although using only a subset of features increases tracking
performance compared to the traditional BP, the best result is
achieved when all types of information are leveraged. (v) Even
if only low-dimensional information (i.e., motion features and
BP messages) is used as input for neural networks, this leads
to improved tracking performance. Observation (v) can have
two potential explanations. The Gaussian likelihood function
and corresponding measurement variance used by model-
based BP may not accurately describe the underlying data-
generating process. The neural architecture may also have
captured complex relationships across motion features that
cannot be described by the traditional MOT model used by
BP.

V. CONCLUSION

In this paper, we introduce NEBP+ for MOT. NEBP+ en-
hances both data association and track initialization of model-
based BP by leveraging information learned from raw LiDAR
data. Contrary to the original NEBP for MOT method, NEBP+
is based on an improved neural architecture that uses precom-
puted differences of features as input to the neural architecture
and fuses different feature similarities based on learnable
weights. Evaluation results based on the nuScenes autonomous
driving dataset demonstrate the state-of-the-art performance of
NEBP+. The significant performance improvements of NEBP+
in the nuScenes autonomous driving challenge emphasize the
superiority of combining well-established statistical models
and neural architectures. As the framework of factor graphs
and BP, NEBP+ is very flexible and can thus potentially be
extended to a variety of further applications ranging from
multipath-aided SLAM [39], [40] to marine mammal tracking
[41], [42] Another venue for future research is the develop-
ment of neural-enhanced track-before-detect methods [43].
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