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Abstract
3D multi-object tracking (MOT) is dominated by the track-by-detect paradigm, and
few jointly train a tracker and a detector end-to-end. For 2D, there have been multi-
ple end-to-end tracking methods enabled by the Transformer-based detector DETR.
Furthermore, recently, the effectiveness of DETR-based detectors was shown for 3D
as well, such as 3DETR, a DETR-based 3D detector for indoor point clouds. In-
spired by this, we create a DETR-based end-to-end multi-object tracker in 3D. We
propose our end-to-end MOTmethod, MOTPT, by combining IA-SSD, 3DETR, and
MOTR. IA-SSD is an efficient single-stage point-based 3D detector that introduces
instance-aware downsampling and contextual centroid perception and can distin-
guish foreground and background points. MOTR is a DETR-based 2D end-to-end
tracker that can capture the long-range temporal relationships among objects. We
combine IA-SSD and the transformer of 3DETR as the point-based backbone of our
model and then modify the MOTR to make it suitable for 3D. Finally, we combine
these to obtain our 3D tracker, MOTPT. We pre-train the backbone and evaluate
its detection performance on the NuScenes dataset. Based on the detection, we
train the end-to-end MOTPT tracker and make inferences using the score-filter and
post-matching methods. Experimental results show that MOTPT using the score-
filter method leads to terrible tracking performance. In contrast, the post-matching
method can simultaneously detect vehicles, predict the tracks and get better and
more reasonable tracking performance.

Keywords: 3D, Multi-object tracking, End-to-end, Transformer, NuScenes.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in
alphabetical order:

MOT Multi-object tracking
TBD Tracking-by-detection
JDT Joint detection and tracking
IoU Intersection-over-union
FPS Frames per second
MLP Multi-layer perceptron
SA Set abstraction
FP Feature propagation
CNN Convolution neural network
DLA Deep layer aggregation
ReID Re-identification
CVA Cost volume based association
MFW Motion-guided feature warper
QIM Query interaction module
TAN Temporal aggregation network
RNN Recurrent neural network
STM Spatial-temporal module
AP Average precision
ATE Average translation error
ASE Average scale error
AOE Average orientation error
AVE Average velocity error
AAE Average attribute error
AMOTA Average multi object tracking accuracy
AMOTP Average multi object tracking precision
GT Ground truth
MOTA Multi-object tracking accuracy
MOTP Multi-object tracking precision
MT Number of mostly tracked trajectories
ML Number of mostly lost trajectories
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FAF The average number of false alarms per frame
TP Number of true positive
FP Number of false positives
FN Number of false negatives
IDS Number of identity switches
FRAG Number of track fragmentations
LGD Average longest gap duration in seconds
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Nomenclature

Below is the nomenclature of indices, sets, parameters, and variables that have been
used throughout this thesis.

Indices
t Indices for point cloud frames

Parameters
τn The ground truth filter threshold
λsam The weight for the down-sample strategy loss
λcent The weight for the centroid prediction loss
λcls The weight for centroid prediction loss
λt The weight for track score loss
λloc The weight for location loss in the box prediction loss
λsize The weight for size loss in the box prediction loss
λbin The weight for angle-bin loss in the box prediction loss
λres The weight for angle-residual loss in the box prediction loss
τactive Active track threshold
τnew New-born object score threshold
τdis Disappear object score threshold
τex Exit object threshold
τmatch Hungarian match distance threshold
N The number of encoder layers
M The number of decoder layers

Variables
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pct The tth frame of the point cloud sequence
qtdet The detect query of frame t
qtotr The original track query of frame t
qttr The updated track query of frame t
Cdet The center of detection bounding box
Ctr The center of tracked bounding box
ddet Detect query offset
dtr Track query offset

Operations

PE The Fourier positional embedding
Concat Concatenate
MLP Multi-layer perceptron
FC Fully connected
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1
Introduction

Recently, more and more research on applying the Transformer to 2D multi-object
tracking (MOT) has been published, mostly achieving state-of-the-art (SOTA) per-
formance. In contrast, using the Transformer in 3D LiDAR MOT is still rare.
The Transformer has the advantage of capturing global and long-term relationships.
Therefore, combining the Transformer with 3D LiDAR MOT is a promising topic
for further research.

In this thesis, we aim to build a 3D Transformer-based multi-object tracker LiDAR
point cloud, train it in an end-to-end fashion, and evaluate the tracking performance
on the NuScenes dataset.

1.1 Background

Autonomous driving technology is a popular �eld currently. The popularization
of autonomous driving technology has the potential to signi�cantly improve traf-
�c safety and e�ciency, reduce energy consumption and emissions, and profoundly
change our future tra�c patterns. In order to achieve assisted autonomous driving
or fully autonomous driving, the perception system is an important part, especially
the LiDAR sensor, which is one of the most necessary and widely used sensors
nowadays. 3D object tracking for LiDAR point cloud has seen rapid development
in autonomous vehicles in recent years.

MOT importance. The popularization of autonomous driving technology has the
potential to signi�cantly improve tra�c safety, increase transport e�ciency, reduce
energy consumption and emissions, and profoundly change our future transport
patterns. In autonomous driving, MOT is a critical computer vision task, and a
long-standing topic [23]. The MOT tasks require detecting objects in the continu-
ous image or point cloud frames and assigning each object a class label and tracking
ID without prior knowledge (shape or quantity). MOT plays an essential role in
tasks with a temporal aspect since it correlates detections over time to compensate
for the instability of detection and improve the accuracy of perception.

MOT di�culties. However, MOT tasks remain genuinely challenging, and several
di�culties need to be addressed

ˆ Datasets are rare and labelling is di�cult.
ˆ Detection is not accurate enough.

1



1. Introduction

ˆ Various occlusions and interactions between objects.
ˆ The motion model of the object is uncertain
ˆ The real-time inference speed is not fast enough.

First, datasets are rare, and labeling is complex. The labeling di�culty comes from
the enormous quantity of information. In a scene, there are many kinds of objects
such as pedestrians, cyclists, vehicles, animals, facilities, etc. Second, detections are
not stable and accurate enough. This leads to missing and false detections, lead-
ing to poor tracking results. The third and fourth di�culties are the reasons for
the unstable and inaccurate detection. Every object has di�erent motion patterns
(direction, speed) in a video or point cloud sequence. Besides, there are always
situations where the object is occluded by other objects or occludes other objects.
This makes it di�cult for the system to learn the movement patterns of all objects
and to detect occluded objects. Last, due to the complexity of the network and the
massive volume of data, it is di�cult to increase the speed of MOT in practice.

1.2 Purpose and method

2D MOT has been extensively explored and achieved good performance. Especially
after the advent of DETR [6], more and more methods are being developed to use the
concept of DETR to complete 2D MOT with transformers in an end-to-end fashion,
such as TransTrack [36], Trackformer [26] and MOTR [51]. There is also another
extension of DETR, 3DETR [27], an indoor object detection model for the 3D point
cloud. However, it is uncommon to use Transformer-based end-to-end learning for
3D MOT. So the purpose of our thesis is to extend the DETR-based 2D MOT to
its 3D counterpart and to achieve a reasonable tracking result.

To achieve this purpose, we implemented DETR and these DETR-based meth-
ods. In addition, we did research on object detection methods like PointNet [30],
PointNet++ [31], 3D-SSD [22], and IA-SSD [52] for the 3D LiDAR point cloud to
�nd a backbone for our own model.

Pointnet [30] works similarly to the classi�er and processes the raw point cloud di-
rectly. It has two main operations: multi-layer perceptron (MLP) to extract point
features and max-pooling to obtain global features. The object classi�cation net-
work uses global features as input, while the segmentation network uses both global
features and point features. Since its network directly pools all points maximally
into a global feature, local point-to-point connections are not learned by the net-
work. Therefore, PointNet [30] has limited ability in both detail processing and
generalization to complex scenes. To address this problem, PointNet++ [31] uses a
hierarchical point set feature learning framework consisting of multiple set abstrac-
tion (SA) layers to perform multi-level feature learning on local areas, much like a
pyramid feature aggregation scheme. Each SA layer consists of a sampling layer,
a grouping layer, and a PointNet layer (the details will be shown in Sec. 2.3.1).
Though PointNet++ can capture the local features of the point cloud, it can not
learn the spatial distribution of the point cloud.

2



1. Introduction

3D-SSD [22] �nds that the feature propagation (FP) layer and re�nement layer are
the bottlenecks of the point-based detector. It proposes a new grouping method
that considers the similarity between points in the geometric domain and feature
domain. Through this improved grouping method, the output of the SA layer can be
directly used to generate object proposals, avoiding the large amount of calculation
brought by the FP layer. At the same time, to avoid region pooling in the re�nement,
3D-SSD directly adopts the representative points output by SA, uses the improved
grouping algorithm mentioned above to �nd its neighborhood points, and uses a
simple MLP to predict the category and object frame 3D bounding box. IA-SSD
[52] is one of the latest single-stage point-based detectors. It uses class-aware and
centroid-aware sampling strategies to preserve the foreground points. In addition,
it provides a contextual instance centroid perception, which allows instance center
regression to fully leverage the contextual information around bounding boxes.

Among DETR-based trackers, MOTR has the best ability to identify new-born
and exit objects, and to associate long-term spatial-temporal relationships between
objects. Besides, considering the sparsity of foreground points in the outdoor point
cloud, the downsampling strategies of IA-SSD are e�ective in helping our model
distinguish between foreground and background points. Therefore, we decided to
combine IA-SSD and the transformer of 3DETR as the backbone of our model. We
modi�ed MOTR and combined the backbone with MOTR to build our own end-
to-end 3D MOT model, MOTPT, for the 3D LiDAR point cloud. For inference,
we used score-�lter and post-matching 2 methods, the outcome of the experiment
demonstrates that MOTPT using post-matching can detect the vehicles and predict
the track simultaneously, and it achieved a reasonable tracking performance.

1.3 Limitations

For our model MOTPT, there are two limitations:
ˆ Only track the vehicles.
ˆ Track a maximum number of objects.

For the �rst one, the method mainly focuses on tracking the vehicles and ignores the
pedestrian and bicyclist trajectory because the point cloud of the vehicle is much
more obvious and that is much more important in the tra�c. On the contrary, the
point cloud of pedestrians and bicyclists is sparse and random in their movement,
so it is di�cult to predict and track their trajectories.

The other one comes from the object query of DETR, since the number of the object
queries which are represented by learnable positional embedding is �xed, and one
object query only corresponds to one object. In other words, if the number of objects
is larger than that of the object queries in a scene, then there would be some wrong
tracks.

3
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2
Theory

This chapter presents the theoretical knowledge needed to understand this work,
including the theory of MOT, some components in deep machine learning, detection,
and tracking, and several latest methods proposed by other authors used in our
model, NuScenes dataset and its tracking evaluation.

2.1 Multi-object tracking

MOT aims to �nd moving objects in an image (2D) or a point cloud (3D) sequence,
recognize them in di�erent frames, and give them accurate class labels and IDs.
These objects can be anything: pedestrians, cycles, vehicles, various animals, etc.
Shown as Fig. 2.1, MOT methods can be divided into 2 paradigms: Tracking-by-
detection (TBD) [2, 17, 25, 44, 45, 46, 49, 53] and joint detection and tracking
(JDT) [16, 29, 39, 43, 47, 48, 51, 54, 55].

Figure 2.1: Two MOT paradigms: Tracking-by-detection (TBD and joint detection
and tracking (JDT).

5



2. Theory

2.1.1 Tracking-by-detection (TBD)

TBD is the most commonly used paradigm in MOT. Generally, the TBD paradigm
decouples tracking into two steps: detection and association. First, detect the ob-
jects in every frame, then associate object detections across frames to form the tra-
jectories of all objects and judge which objects are the new-born and exit objects.
The association step is solved by two mainstream methods: model-based [17, 44, 45,
53] and model-free [2, 49, 25]. For the former, motion is the association cue. The
Kalman �lter is used to predict the next frame location of the objects by leveraging
the motion law of objects, and the Hungarian algorithm or Greedy algorithm based
on di�erent matching criteria (intersection-over-union (IoU), Euclidean distance or
Mahalanobis distance) is used to match the detections of objects and the predictions.
For the other kind of method, the neural network is used to extract the appearance
features of the objects and then use them to match objects. Association is typically
expressed as a bipartite matching problem. As a result, most of the present research
focuses on improving the a�nity matrix between tracked objects and new detections.

SORT [45] and DeepSORT [46] are two representative classical methods. The core
of SORT is the Kalman �lter and Hungarian matching algorithm. The Kalman �lter
predicts the bounding boxes according to the previous tracks. The IoU of prediction
and detection is input into the Hungarian algorithm for linear allocation to associate
the object ID across frames. The problem is that once the object is occluded or not
detected for some other reason, the state information predicted by the Kalman �lter
will not match the detection results, and the tracking segment will end in advance.
After occlusion, the object detection may be continued, so SORT can only assign a
new ID number to the object, representing the beginning of a new tracking segment.
Thus, the disadvantage of SORT is that it is greatly a�ected by occlusion, and there
will be a lot of ID switching. The main idea of DeepSORT is the same as SORT.
To solve the above problem, a simple convolution neural network (CNN) is used to
extract the appearance features of the detected object, and these �gures are saved.
In each subsequent step, the similarity calculation between the appearance features
of the detected object in the current frame and the previously stored appearance
features shall be performed. This similarity is used as an important criterion. Com-
pared with SORT, the ID switching of DeepSORT decreases by45%.

The TBD paradigm has been extensively explored and achieves good performance
thanks to improved and advanced detection methods. However, the heuristic match-
ing step in the association module of the methods following the TBD paradigm in-
evitably requires many hand-crafted rules. In addition, since TBD has two steps
and the performance highly relies on the detection quality, it leads to sub-optimal
problems in terms of e�ciency and accuracy.

2.1.2 Joint detection and tracking (JDT)

JDT paradigm is becoming increasingly popular because of the development of deep
machine learning. As a single-stage paradigm, the methods following JDT use a
neural network or transformer [40] to detect objects and assign them class labels or
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IDs in one step.

CenterTrack [55] is a method following JDT paradigm. It uses a CenterNet [8] de-
tector to locate object centers, setting the detector on two adjacent frames and a
heatmap of the prior tracks represented by points. The detector also outputs an o�-
set vector from the center of the objects in the current frame to that in the previous
frame. A greedy algorithm is leveraged to complete the association by relying on the
distance between the predicted o�set and the detected center point in the previous
frame. However, CenterTrack only associates the detection between two adjacent
frames, so forming long-term associations and dependence is di�cult. As a result,
it has a high level of ID switch. In addition to extracting features layer by layer,
FairMOT [54] adds a layer of deep layer aggregation (DLA) to merge the features
of each layer. Then it carries out the detection and Re-identi�cation (ReID) branch
two tasks in parallel and combines the loss of the two branches for balanced opti-
mization to achieve the optimal accuracy and speed results. However, ReID tracking
loss is incompatible with the detection loss in the same network, and even the track-
ing loss will damage the performance of the detection task to a certain extent. This
happens because the ReID task focuses on intra-class di�erences, while detection
aims to amplify inter-class di�erences and minimize intra-class di�erences. For ex-
ample, for pedestrian tracking, the ReID task expects to maximize the di�erence
between each person, while the detection task expects to maximize the di�erence in
goals between di�erent categories. It expects the pedestrian category to be as close
as possible in the high-level semantic space.

TraDeS [47] designed the Cost Volume based Association (CVA) module and the
Motion-guided Feature Warper (MFW) module. The CVA module extracts ReID
embedding features point by point through the backbone to construct a cost vol-
ume, which stores the matching similarity between the embedding pairs between two
frames. Then, the model can infer the tracking o�set according to the cost volume,
the spatial-temporal o�set of all points, and obtain the potential object center be-
tween two frames. Tracking o�sets and embeddings are used together to construct a
simple long-range data association. After that, the MFW module uses the tracking
o�set as a motion cue to transfer the features of the object from the previous frame
to the current frame. Finally, the features from the previous frame and the features
of the current frame are aggregated to perform the detection and segmentation tasks
of the current frame. In the CVA module, the cost volume is used to supervise the
ReID embedding, and di�erent object categories and background regions are im-
plicitly considered. That is, the ReID branch considers the inter-class di�erences.
Therefore, it can learn not only e�ective embeddings but also be compatible with
detection losses without compromising detection performance. In addition, since
the tracking o�set is obtained based on appearance feature similarity, it can match
a large moving target or work at a low frame rate. Therefore, this predicted track-
ing o�set can serve as a robust motion cue to guide feature propagation in the
MFW module. Objects occluded or blurred in the current frame may be clear in
the previous frame, so through the MFW module, the previous frame feature prop-
agation can support the current frame features to recover potential invisible objects.
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Unlike above JDE methods, TransTrack [36], Trackformer [26] and MOTR [51]
are three transformer-based MOT using attention mechanism. They all use the
object query concept originally proposed in DETR [6] (this method will be in-
troduced in Sec. 2.4.1), which provides a representation of new-born objects. In
TransTrack [36], authors proposed another concept "track query" to maintain ob-
jects information and their trajectories in the previous frames. It has two decoder
blocks. One is responsible for detection and generating detection bounding boxes,
and the other is responsible for target propagation and generating tracking bound-
ing boxes. Then the tracking boxes and detection boxes will be matched by using
the Hungarian algorithm based on IoU. The matched boxes are the objects from the
track to the previous frame, and the other boxes are the new objects in the current
frame. TrackFormer [26] is similar to the TransTrack. It employs a Transformer
encoder-decoder architecture, which uses the self-attention mechanism to encode
image features from a CNN and the self- and cross-attention mechanisms to decode
queries into bounding boxes associated with identities in every frame. Each query
represents an object and follows it autoregressively in space and time. When new
objects arrive, they are detected by static object queries, which are then turned into
subsequent track queries. Compared to TrackFormer, MOTR [51] has an additional
query interaction module (QIM) consisting object entrance and exit mechanism and
a temporal aggregation network (TAN) that can provide contextual relation infor-
mation to the tracked objects and enhance temporal relation. We used MOTR to
design our own model, so more detail will be shown in Sec. 2.4.4.

Compared to the methods following the TBD paradigm, these methods do not need
data association and post-processing operations such as NMS, so they are more ef-
�cient and have lower computation complexity.

2.2 Deep machine learning components

2.2.1 Multi-layer Perceptron (MLP)

MLP is one of the most basic deep learning models with a forwarding structure
based on the biological neuron model, including an input layer, an output layer, and
multiple hidden layers. The neural network diagram of a three-layer perceptron is
shown in Fig. 2.2.
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Figure 2.2: The network diagram of a three-layer perceptron.

The calculation of each neuron in hidden layers or output layers is shown in Fig. 2.3.
An MLP consists of three basic elements: weight, bias, and activation function. The
connection strength between neurons is represented by the weight, which represents
the importance of the corresponding input. Bias is a learnable parameter set to
minimize a loss function. Besides, it is an essential parameter in the model to ensure
that the output value calculated through input cannot be activated arbitrarily. The
activation function acts as a nonlinear mapping, limiting the output amplitude of
neurons to a speci�c range, generally(� 1; 1) or (0; 1).

Figure 2.3: The calculation of each neuron in hidden layers or output layer, where
x1� n represent the input of the nodenj , wij is the weight between inputx i and node
nj , b represents the bias ofnj , and oj is output from activation function.

Assuming that there aren input with m featuresX 2 Rn� m and the MLP has only
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one hidden layer consistingh neurons, the weight and bias of the hidden layer can
be expressed asWh 2 Rm� h and bh 2 R1� h. If there are q output, the weight, and
bias of the output layer areWo 2 Rh� q and bo 2 R1� q respectively. Then the output
of the hidden layer and output layer can be calculated by the following formula

H = f (XW h + bh)

Y = f (HWo + bo)
(2.1)

where f (:) is activation function. The input of one neuron passes through the
nonlinear activation function to the next neuron, and after the activation of the
neuron in this layer, it continues to pass down until the output layer. It is precise
because of the repeated superposition of these nonlinear functions that the neural
network has enough capacity to grasp complex patterns. Sigmoid [11], Tanh [35],
ReLU [4], Leaky ReLU [24], PReLU [12] and GeLU [13] are several common used
activation functions.

2.2.2 Transformer

The Transformer [40], which abandons the idea of traditional CNN and RNN (Re-
current neural network), has become popular in multiple �elds, especially natural
language processing (NLP) and CV. The Transformer consists of self-attention and
feed-forward neural network. The reason for adopting the attention mechanism is
that the calculation of RNN (or LSTM [14], GRU [7], etc.) is limited to sequential,
that is, RNN-related algorithms can only be calculated from left to right or from
right to left. This mechanism brings three problems:

ˆ The calculation of timet depends on the calculation result oft � 1 time, which
limits the parallel ability of the model

ˆ Information will be lost in the process of sequential calculation. Although
the structure of gate mechanisms such as LSTM alleviates the problem of
long-term dependence to a certain extent, LSTM is still powerless for the
phenomenon of special long-term dependence.

ˆ Exploding and or vanishing gradients

The proposal for the Transformer solves the above three problems. The attention
mechanisms of the Transformer can provide context information for any position in
the input sequence, and it can process all tokens in the sequence at the same time.
Therefore, the Transformer has better parallel computing ability than RNN, in line
with existing GPU frameworks. For example, if use Transformer to do the language
translation, it considers the input sentence to be a sequence of words and processes
them at the same time to output the translation result. As shown in Fig. 2.4 and
Fig. 2.5, the Transformer consists of encoder and decoder two components, and
they are formed by identical encoder layers and decoder layers, respectively.
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Figure 2.4: A simple example of using transformer to translate language.

Figure 2.5: The encoding component and decoding component of Transformer
consist of several identical encoder layers and decoder layers, respectively.

Encoder-decoder structure. The encoder contains several identical encoder lay-
ers that process the input data sequence layer by layer, while the decoder contains
several identical decoder layers that do the same thing to the output of the encoder.
The encoder layer aims to encode the input to the encoding that contains the in-
formation about relationship between all tokens in the input. Then the encoding is
fed into next encoder layer. Contrary to encoder layer, each decoder layer converts
encoding to the output sequence.

The structure of the encoder layer and decoder layer is shown in Fig. 2.6. Each en-
coder layer contains two main elements: self-attention mechanism and feed forward
neural network. The self-attention mechanism takes encoding from the previous
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encoder layer as input and evaluates their interrelationships to create output en-
coding. Each output encoding is then further processed by the feed-forward neural
network and sent to the next encoder layer and decoder. The �rst encoder layer
takes embedding of the input sequence and positional embedding as input instead
of encoding. Compared to the encoder layer, the decoder layer has an additional
attention mechanism over the encoding to draw the relevant information from the
encoder.

Figure 2.6: The structure of encoder and decoder.

Position embedding. In the RNN, the sentence is divided into words and sent
to the network in turn, so that the input of each sentence has its own text order.
But the transformer structure feeds the words in all positions together at the same
time as a sequence into the network, which loses the order of the text. So position
embedding is needed to solve this problem.

The most commonly used position encoding method is sinusoidal position embedding

PE(pos;2i ) = sin(
pos

100002i=d
)

PE(pos;2i + 1) = cos(
pos

100002i=d
)

(2.2)

wherepos represents the position of the word in the sequence,d represents the size
or the dimension of word at the positionpos, and i refers to the each individual
dimension of the word embedding. Fig. 2.7 shows an simple example, for the �rst
word position embeddingP0, pos = 0, d = 5, which means it have �ve individual
dimensions of the embedding (i = 0; 1; 2; 3; 4).
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Figure 2.7: An simple example to illustratepos, i and d.

However, inspired by [51, 6, 27], we use the Fourier positional embedding [37] in our
project, which generates the best performance between the under�tting (low scale,
recovery function frequency too low) to over�tting (high scale, recovery function
frequency too high). For a pointv 2 Rd, the Fourier positional embedding
 (v) is
de�ned as


 (v) = [cos(2�Bv ); sin(2�Bv )]> (2.3)

whereB 2 Rm� d is a random Gaussian matrix, mapping the input point to the high
dimensionm, and all entries are independent of each other by a normal distribution
N (0; � 2). It should be noted here that the sine and cosine are calculated for each
element in the matrix.

Self-attention. Attention mechanism is the core of the Transformer. In Fig. 2.8,
it shows the structure of the self-attention mechanism.

Figure 2.8: The structure of self-attention.

First, three vectorsq, k, and v, representing the query, key, and value, respectively
are obtained by multiplying three matricesW Q, W K , and W V respectively with

13



2. Theory

input embeddingX , and it uses the equation

qi = X i W Q

ki = X i W K

vi = X i W V ; i = 1; 2; 3: : : T

(2.4)

whereT is the number of the words.

Then the self-attention score for each word can be obtained by taking the dot product
of the query of the target word with the key of itself and other words

sij = qi � kj ; i; j = 1; 2; 3: : : T: (2.5)

To have more stable gradients, the scores obtained by Eq. 2.5 divided by
p

dk , the
square root of the dimension of the key, and then a softmax operation along key
dimension is applied on the result to get the possible values (weights)w ranged
in the [0; 1]. The softmax scores re�ect how closely other words relate to target
position. Obviously, the word at the target position has the greatest softmax score,
but it's occasionally helpful to focus on another word with high score that is related
to the target word. Lastly, w multiplies with each value vector respectively and then
sums the weighted values up to get self-attention outputz

zi =
X

j

wij vj i; j = 1; 2; 3: : : T: (2.6)

Here is a simple example to make the whole process of self-attention more intuitive.
Assuming that the input consists of 2 words and their input embeddings areX 1 and
X 2. Take X 1 as an example to calculate the self-attention score.
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(a) First step, calculate q, k and v vectors of X 1.

(b) Second step, calculate the scores (assuming that the
scores are 112 and 96).

(c) Third step, divide scores by
p

dk (normally, dk = 64) and then apply a
softmax operation to get the weights.

(d) In the fourth step, multiply weights with values and sum the weighted values
up to get the Self-Attention output.

Figure 2.8: A simple example of calculating self-attention.
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In conclusion, the expression of self-attention in matrix format is

SelfAttention (Q; K; V ) = sof tmax (
QK >

p
dk

)V (2.7)

whereQ, K and V are the matrix format of the query, key and value, respectively.

Multi-head self attention. Multi-head self-attention is used so that the network
can focus on di�erent aspects of how the data relates to itself, and to make use of the
parallel computation power of GPUs. As shown in Fig. 2.9,d� dimensional queries,
keys and values are linearly projectedh times to the dq, dk and dv dimensions by
di�erent projection matrices W Q, W K and W V , respectively. Then self-attention
are applied on each of these projected query, key and value in parallel and then get
the output values of dimensiondv. Finally, all of them will be concatenated and
linearly projected again by the projection matrixW O to the �nal output values, we
get that

MultiHead (Q; K; V ) = concat(head1; head2; � � � ; headh)W O

whereheadi = Self Attention (XW Q
i ; XW K

i ; XW V
i ); i = 1; 2; 3; : : : ; h

(2.8)
where h is the number of the heads,W Q

i 2 Rd� dq , W K
i 2 Rd� dk , W V

i 2 Rd� dv and
W O 2 Rhdv � d are the linear projection matrices.

Figure 2.9: The structure of Multi-Head Self-Attention.

2.3 Point-based detection and tracking componets

Directly learning geometric features from unstructured point clouds, point-based
algorithms generate explicit proposals for objects of interest. This section will ex-
plicate several important elements in point-based detection and tracking which are
used in our method.

2.3.1 Set abstraction (SA)

Set abstraction (SA) layer consists of three parts: Sampling layer, grouping layer,
and PointNet layer. In general, set abstraction is equivalent to sampling a sparse
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point cloud from the input point cloud according toXY Z spatial coordinates and
then calculating a new feature of each sampling point through grouping and Point-
Net networks.

Sampling layer . The sampling layer uses the farthest point sampling (FPS) sam-
pling algorithm to to reduce the input point set from scaleN to a smaller scale
N 0. The FPS randomly selects a point as the initial point as the selected sample
point, calculates the distance between each point in the unselected sample point set
and the selected sample point set, adds the point with the greatest distance to the
selected sample point set, and then updates the distance, iterating until the target
number of sample points is obtained.

Grouping layer . The purpose of grouping is to �nd a �xed size of neighbours of
each sampling point to form a neighbourhood patch. This means thatN 0 neigh-
bourhood patches are generated.

There are two ways to �nd a neighbourhood here: k-nearest neighbor (KNN) and
query ball point. KNN is to �nd the K nearest points in coordinate space, while
query ball point is to set a certain radius and �nd points within the ball of that
radius as neighbouring points.

PointNet layer . Here PointNet is that point-based detector PointNet [30]. Each
group obtained by grouping layer can be regarded as a 'local point cloud', and the
feature of this local point cloud is extracted by the PointNet network.

2.3.2 Hungarian algorithm

The Hungarian algotithm [18] is a combinatorial optimization algorithm that solves
the assignment problem and it can be used to do the bipartite matching in the
tracking tasks. Assuming there are two sets of point of same sizeN , the Euclidean
distance between points in two sets are used as matching cost, which is expressed as

dij =
q

(x i � x j )2 + ( yi � yj )2 + ( zi � zj )2: (2.9)

The Hungarian algorithm is to �nd a minimum total cost of matching

min
NX

i =1

NX

j =1

dij pij

s:t:
NX

i =1

pij = 1;
NX

j =1

pij = 1; pij 2 f 0; 1g

(2.10)

wherepij is used to limit that every point can only be matched once.

In some tracking tasks, the Hungarian algorithm also take IoU or GIoU as matching
cost to match the objects in two adjacent frames, it can be expressed as

GIoU = IoU �
jC=(A [ B)j

jCj
(2.11)
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IoU =
jA \ B j
jA [ B j

(2.12)

(a) Overlap. (b) Union.

Figure 2.10: The area of overlap and union.

whereC is the smallest enclosing convex forA and B.

2.3.3 Non-maximum suppression

Non maximum suppression (NMS) is an algorithm to remove non maximum val-
ues, which is often used object detection. In object detection, assuming there
are N detection boxesB = f b1; b2; : : : ; bN g with corresponding detection scores
S = f s1; s2; : : : ; sN g. The NMS algorithm �ow shows as

1. Create an initially empty setD to store boxes with highest score.
2. Put the box with highest scorebm into D, and remove it fromB.
3. Traverse the boxes inB, and calculate the IoU with the boxbm respectively.

If it is higher than a certain threshold (generally 0 0.5), this box is considered
to overlap with box bm , and this box will be removed fromB.

4. Go back to step 1 and iterate untilB is empty. Finally, the boxes inD are
results.

2.4 The methods used in thesis

2.4.1 DEtection TRansformer (DETR)

The majority of traditional detectors are built on convolutional designs, which have
advanced signi�cantly in the recent decade [33, 32, 3, 10]. However, these methods
highly rely on handcrafted components such as anchors and NMS (non-maximum
suppression). DETR [6] creates the end-to-end fashion in this �eld. It is an encoder-
decoder Transformer-based detector that eliminates the need for hand-designed com-
ponents, such as anchors, and exhibits promising performance in comparison to
recent anchor-based detectors like Faster RCNN [33]. Since Transformer is a fas-
cinating architecture for sequence prediction, DETR approaches object detection
as a set prediction issue, with learnable queries probing and pooling features from
pictures to create predictions without the use of spatial anchors and non-maximum
suppression.
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Overall structure. The overall structure of DETR is shown in Fig. 2.11, consisting
of three main modules: a CNN backbone to extract a set of image features (3 �
H0 � W0 ! 2048� H 0

32 � W0
32 ), a Transformer formed by an encoding component

(several stacked identical encoder layers) and a decoding component (several stacked
identical decoder layers), and a feed-forward network (FFN) to predict the bounding
boxes and the labels of objects in the image. There are two key parts to the whole
process. The �rst is to use the encoder-decoder architecture of Transformer to
generateN box predictions at once, whereN is an integer far larger than the
number of objects in the image. The second is the design of bipartite matching loss,
which calculates the loss based on the bipartite graph matching of predicted boxes
and ground truth boxes, so as to make the location and category of predicted boxes
closer to ground truth.

Figure 2.11: The overall structure of DETR.

Figure 2.12: The structure of DETR's Transformer.
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Transformer. The Transformer structure of DETR is shown in Fig. 2.12. The en-
coder takes the feature map from the CNN backbone and spatial positional encoding
as input and outputs the image embedding used in the decoder. Before encoding,
the feature map needs to be converted to the sequential data that can be processed
by the Transformer encoder. The main steps are as follows:

ˆ Dimension compression: �rst process theC � W � H feature map from CNN
backbone with1 � 1 convolution, and compress the number of channels from
C to d, obtaining a newd � W � H feature map.

ˆ Convert to sequential data: compress the spatial dimension (height and width)
into one dimension, that is, reshape thed � W � H feature map obtained in
the previous step into ad � HW feature map.

ˆ Add position encoding: since the Transformer model is permutation equiva-
lent, and the HW in the d � HW feature map is related to the location of
the original image, position encoding needs to be added to re�ect the location
information.

The decoder takes the image embedding, spatial positional encoding and object
queries (learned positional encoding) as input and outputs the prediction bounding
box and class label of objects. Here, the number of object queriesN is much larger
than that of objects in the image. In addition, the object queries will be updated
based on the loss between prediction and the ground truth.

Loss of DETR. Since the number of predictions is greater than that of ground
truths, the ground truth is padded with "no object" class to be the same number
of predictions, then a bipartite matching between two sets, prediction and ground
truth, can be implemented by �nding the lowest cost shown in Eq. 2.13, whereyi

denotes thei th object in ground truth set, ŷ denotes the prediction set and� (i ) is
the index of the prediction box paired with thei th object

�̂ = arg min
�

NX

i

L match (yi ; ŷ� ( i )): (2.13)

The cost L match matching each pair of prediction and ground truth is de�ned as

L match (yi ; ŷ� ( i )) = � 1f ci 6= ? gp̂� ( i )(ci ) + 1f ci 6= ? gL box(bi ; b̂� ( i )); (2.14)

where ci is the class label of thei th object, p̂� ( i )(ci ) is the probability predicted
by the Tranformer that an object has classci , b and b̂ represent the box informa-
tion including the normalized center coordinates (x, y) and normalized size (width,
height) of ground truth and prediction respectively, the de�nition of 1 is shown in
Eq. 2.15, andL box(bi ; b̂� ( i )) is the distance between prediction box and ground truth
box whose expression is shown in Eq. 2.16, where� iou and � L 1 are the loss weights,
B (b� ( i ) ; b̂i ) represents the largest box containg bothb� ( i ) and b̂i

1f c6= ? g =

(
1; if c 6= ? ;

0; otherwise
(2.15)

L box(bi ; b̂� ( i )) = � iou L iou (bi ; b̂� ( i )) + � L 1jjbi � b̂� ( i ) jj 1;

whereL iou (bi ; b̂� ( i )) = 1 � (
jb� ( i ) \ b̂i j

jb� ( i ) [ b̂i j
�

jB (b� ( i ) ; b̂i )=b� ( i ) [ b̂i j

jB (b� ( i ) ; b̂i )j
):

(2.16)
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After obtaining the optimal match between prediction boxes and image objects, then
get the set prediction loss by

L Hungarian (y; ŷ) =
NX

i

[� logp̂� ( i )(ci ) + 1f c6= ? gL box(bi ; b̂̂� ( i ))]: (2.17)

Drawbacks and improvements of DETR. In DETR, each object query will
extract the corresponding object features from the image through attention layers
in the Transformer decoder according to their respective regions of interest. This
feature extraction process includes two steps: one is the similarity matching of key
(image features) to query (object queries), and the other is the weighted average
of value (image features) according to the matching results. The problem lies in
the �rst step: since query embedding is initialized randomly, object queries and
image features cannot be matched correctly in the early stage of model training.
Intuitively, a key (object query) opens a lock (an object in a speci�c area on the
picture). However, due to the random initialization of the key, it can not actually
open any lock (the similarity and matching degree of the features at any position
on the image to object query are very low). The result is that the cross atten-
tion layer actually extracts the features of the whole picture almost evenly, rather
than extracting the object features in a speci�c area. It is conceivable that the
object query after this not only collects the features of the target object, but also
the features of the picture background and other irrelevant objects. Therefore, it
is still very di�cult to classify and locate the target object with it. From another
perspective, cross attention can be regarded as a kind of soft RoIAlign: divide the
region of interest from the picture according toKQ correlation map and collect the
corresponding features. The reason why DETR is di�cult to converge is that due
to the misalignment between object query and image feature, it is unable to collect
object features in speci�c areas, but other very messy features in the image.

Since the original cross attention layer has too high a degree of freedom to focus
on a speci�c area, Deformable DETR [57] proposes to set a reference point for each
object query, and the proposed deformable attention only samplesn picture features
near the center point, which not only accelerates convergence but also reduces the
amount of calculation. Moreover, since the amount of computation of deformable
attention is independent of the size of the feature map, a multi-scale feature map
can also be used to optimize the detection of small objects. In SMCA DETR [9],
before calculating cross attention, each query �rst predicts the position, length, and
width of the object to be detected, and then generates a corresponding Gaussian-
like weight map according to the predicted position, length, and width of the object,
which is integrated into KQ similarity matching calculation in cross attention. In
this way, the features extracted by each query are limited to the center of the object,
and the convergence speed is improved. Anchor DETR [42] directly encodes the
location of the anchor point as an object query, and the encoder and decoder share
a set of location coding methods (sine encoding + MLP). In this way, the position
embedding of encoder and decoder is aligned, and the features extracted by each
query are concentrated near the anchor point. DAB-DETR [20] is optimized in two
aspects compared with anchor DETR. One is to encode the anchor box (including
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four dimensions of location length and width) as an object query, rather than just
encode the location information of the anchor point. Second, each layer continuously
re�nes the anchor box (the output of the previous layer is used as the input of the
next layer). It is worth noting that the authors use the predicted box length and
width to further limit the KQ similarity matching calculation in cross-attention so
that the generated attention map can �t objects with di�erent positions, scales, and
aspect ratios. These papers all limit the sampling area of object query in di�erent
ways so that the network can focus on the object area faster and speed up the
training.

2.4.2 3D DEtection TRansformer (3DETR)

3DETR [27] is an extension of DETR and applies the same design philosophy to
3D point clouds for indoor object detection. It employs the Transformer with non-
parametric queries and Fourier positional embeddings to cast detection as set-to-set
problem and make it more competitive than the models which employ lots of 3D
operators with hand-crafted designs, such as VoteNet and PointNet++.

The process of 3DETR. 3DETR takes the point clouds as input and predicts ob-
ject positions using a 3D bounding box. A point cloud is an unorganized collection
of N points, each with its own 3DXY Z coordinates. Due to the enormous number
of input points, a set aggregation downsampling operation is utilized to downsam-
pling and project the points into N 0 features using MLP with two hidden layers.
The encoder receives the features and produces the same size features by applying
multiple layers of self-attention and non-linear projections. The decoder takes these
features and a set of non-parametric query embeddings of sizeB f qe

1; � � � qe
B g as in-

put and then generate a set ofB features which is later leveraged to predictsB
bounding boxes in the parallel decoding way.

For non-parametric query embeddings, from theN input points, a set of B query
points f qi gB

i =1 is randomly selected from theN 0 input points. The random samples
are drawn using Farthest Point Sampling, which can guarantee to cover all points
in the original set of points. By transforming the coordinates ofqi into Fourier
positional embeddings and then projecting with an MLP, each query pointqi is as-
sociated with a query embeddingqe

i .

Set matching and loss function. 3DETR uses the method in DETR to do
bipartite graph matching and then calculates a loss for each predicted boxesb̂ and
its corresponding ground truth boxesb. Using a geometric and a semantic term, a
matching cost for a pair of boxes, a predicted bounding box̂b and a ground truth
bounding boxb is calculated as follows

Cmatch (b̂; b) = � � 1GIoU(b̂; b) + � 2jj ĉ � cjj 1| {z }
geometric

� � 3ŝ[sgt] + � 4(1 � ŝ[sbg])| {z }
semantic

: (2.18)

The geometric cost uses GIoU to calculate the box overlap and measures the dis-
tance between the box centers. The semantic cost is a metric that evaluates the
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likelihood of the ground truth classsgt under the anticipated distribution ŝ, as well
as the likelihood of box features belonging to a foreground class. Boxes that are not
matched to the background class will be regarded as matched to the background
classsbg.

For the center locations and the box dimensions,l1 regression loss is used, and
an additional normalization is used to limit them both in the range [0, 1]. Huber
regression loss [15] is used for the angular residuals and cross-entropy loss is used
for both the angular classi�cation and semantic classi�cation. The whole training
loss for 3DETR is shown as follows

L 3DET R = � cjj ĉ � cjj 1 + � djj d̂ � djj 1 + � ar jj âr � ar jj huber

� � aca>
c logâc � � ss>

c logŝc:
(2.19)

2.4.3 IA-SSD

IA-SSD [52] is an e�cient single-stage detector with good performance in terms
of both running speed and accuracy. Unlike common point-based pipelines using
random sampling or farthest point sampling which will take background useless
points into the account to downsampling the input point cloud, IA-SSD proposed
to use instance-aware downsampling strategies (class-aware and centroid-aware) to
select foreground points that correspond to the objects of interest. Fig. 2.13 is
the point cloud of an example scene in the NuScenes dataset. It is obvious that the
useless background points are more numerous than the foreground points of interest.
Therefore, IA-SSD can exploit more useful and important information in the point
cloud and can be much more e�cient than other point-based methods.

Figure 2.13: The point cloud of an example scene in the NuScenes dataset. It
shows that the useless background points are more numerous than the foreground
points of interest.

IA-SSD takes the point cloud as input, and then a 3D backbone is leveraged to
extract point-wise features, which is then followed by the proposed instance-aware
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downsampling to lower the computation complexity while still maintaining the im-
portant foreground points. The contextual centroid perception module (consisting
of contextual centroid prediction, centroid-based instance aggregation, and proposal
generation head) receives the learned features and uses them to build instance pro-
posals. Then 3D NMS post-processing is used to �lter the proposals based on a
speci�c IoU threshold to obtain the ultimate bounding boxes.

Class-aware sampling. To accomplish selective downsampling, this sampling ap-
proach seeks to learn semantics for each point. To do this, MLP layers are added to
make use of the rich semantics of latent features and predict the semantic categories
of each point

L cls� aware = �
CX

c=1

(si log(ŝi ) + (1 � si ) log(1 � ŝi )) (2.20)

where C is the number of categories,si is the one-hot labels generated from the
annotations of the ground truth bounding box, whileŝi is the predicted counterpart
of si . The foreground points with topk scores will be retained and fed into the next
layer. This way, more background points can be removed while more foreground
points can be preserved compared to the common random sampling and farthest
point sampling.

Centroid-aware sampling. Since the centroid of the object is essential to locate
the position of the object, this strategy gives higher mask scores to the points which
are closer to the centroid. The de�nition of the mask score of instancei notes as
follows

Maski = 3

vu
u
t min(f � ; b� )

max(f � ; b� )
�

min(l � ; r � )
max(l � ; r � )

�
min(u� ; d� )
max(u� ; d� )

(2.21)

wheref � ; b� ; l � ; r � ; u� ; d� denote the distance between the point and six surfaces
of the bounding box (front, back, left, right, up, and down). The highest mask score
is 1 if the point is the centroid of the object, while the lowest is 0 if the point lies
on the surface. This mask score is used to assign the weight to the points in the
bounding box in the following way

L ctr � aware = �
CX

c=1

(Maski � si log(ŝi ) + (1 � si ) log(1 � ŝi )) : (2.22)

Contextual instance centroid perception. To predict instance centroid, con-
textual information around the bounding box is used. An o�set� ĉij from the j th
point of i th instance to the centroid ofi th instance is predicted and a regularization
ingredient is also included to reduce the uncertainty in the centroid prediction. The
centroid prediction loss is de�ned as

L cent =
1

F+

1
S+

X

i

X

j

(j� ĉij � � cij j + jĉij � �ci j) � I S(pij );

where �ci =
1

S+

X

j

ĉij ; I S : P ! f 0; 1g:
(2.23)
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Here F+ is the number of instances,S+ is the number of the points used in pre-
diction, � cij is the ground truth of the o�set, �ci is the mean location coordinates
of i th instance, andI S is a function that determines whether or not this point will
be utilized to estimate the instance centroid. If pointpij is used, thenI S(pij ) is 1,
otherwise 0.

End-to-end loss. In the end-to-end training procedure, the total loss includes
the loss of two downsampling strategies, centroid prediction, classi�cation, and box
generation

L total = L cls� aware + L ctr � aware| {z }
downsampling

+ L cent + L cls + L box (2.24)

where the box generation loss consists of position, size, angle classi�cation, angle
division regression and corner point 5 components

L box = L loc + L size + L angle� bin + L angle� res + L corner : (2.25)

2.4.4 MOTR

MOTR [51] is a true full end-to-end tracking framework. MOTR is able to learn to
model long-range temporal variation of the object, which implicitly makes temporal
associations and avoids previous explicit heuristic strategies. Based on Transformer
and DETR [6], MOTR introduces the concept of "track query". A track query is re-
sponsible for modeling the entire trajectory of an object. It can be transmitted and
updated between frames to seamlessly complete object detection and tracking tasks.
An additional temporal aggregation network (TAN) in Query Interaction Module
(QIM) with multi-frame training is used to model long-range temporal relationships.

Detect query and track query. The �xed-length detect query qdet represents the
new-born objectsObjnew at every frame. while the track queryqtr represents tracked
objectsObjtr in the previous frames. As shown in Fig. 2.14, new-born objects (such
as "1" and "3" atT1) are detected using �xed-length detect queries. At the next
frame, the detect queries given toObjnew are updated and merged into the track
query set. The empty initially track query set is dynamically updated and has an
adjustable length. Disappear objectsObjdis (such as "3" atT3) counts its disappear
time for next several frames. If disappear time ofObjdis larger than a threshold� dis ,
then remove theqtr of Objdis from the track query set and setObjdis as exit object
Objexit .
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Figure 2.14: The detect query and track query in MOTR.

MOTR structure. The overall structure of MOTR is shown in Fig. 2.15. The
video sequence will �rst be sent to CNN, and then enter the encoder of Deformable
DETR to extract the basic featuresf = f f 1; � � � f N g, wheref i is the feature of frame
Ti . For �rst frame T1, the feature f 1 and empty query setqd are input into the
decoder network to locate all initialization targets and generate the original track
query setq1

ot , and thenq1
ot is sent to next frame via QIM. Generally, the whole model

processes each frameFi (i 2 [1; N ]) iteratively. The qi
t generated by QIM according

to the output of the previous frame will be concatenated with the empty query set
qd. The concatenated query set will be sent to the decoder together with featuref i

to directly generate the prediction result inYi of the current frame, and update the
query set qi +1

t to send it to the next frame. The prediction and ground truth are
used to calculate the collective average loss.

Figure 2.15: The overall structure of MOTR.

Query interaction module (QIM). QIM consists of the object entrance-exit
mechanism and temporal aggregation network (TAN). It aims to detect new-born
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objects and exit objects and model long-range temporal relationships.

For frame Ti , track query set qi
t is generated fromTi � 1 frame through QIM, and

then concatenated with the empty query setqd. Then the concatenated result is
input into the decoder to generate the original track query setqi

ot containing tracking
score. Thenqi

ot is divided into two set qi
tr consisting of tracked and dead objects

and qi
det consisting of new-born objects. For the entry of the object, if the score of

query in qi
det is greater than the entry threshold� en, it will be retained and the rest

will be removed, the equation can be expressed as

�qi
det = f qk 2 qi

detjsk > � eng (2.26)

wheresk represents the score of thekth query qk of qi
det.

For the exit of the target, if the tracking score ofqi
tr query is lower than the exit

threshold � ex for M consecutive frames, it will be removed, and the remaining query
will be retained. The formula is as follows

�qi
tr = f qk 2 qi

detjmax(si
k ; � � � ; si � M

k ) > � exg (2.27)

wheresi
k represents the score of thekth query qk of qtr at frame Ti .

The purpose of TAN is to enhance time correlation and provide context prior in-
formation for tracking objects. The �ltered track query �qi

tr and �qi � 1
tr above are

concatenated to go through the multi-head attention layer as query and key and�qi
tr

is regarded as a value. The whole procedure is shown below

tgt = sof tmax [
(�qi

tr + �qi � 1
tr ) � (�qi

tr + �qi � 1
tr )>

p
d

] � �qi
tr : (2.28)

After that, tgt is further adjusted by a FFN network

tgt = LN (tgt + �qi
tr ) (2.29)

Here,FC represents linear projection layer,LN represents layer normalization, and
� r represents ReLU activation function.

The output tgt is concatenated with�qi
det to get the tracking queryqi +1

t at the frame
Ti +1

tgt = LN (FC(� r (FC(tgt))) + tgt): (2.30)

Collective average loss. MOTR takes the video sequence as the input and calcu-
lates the tracking loss frame by frame. The overall tracking loss is the sum of the
losses of each frame and the result is normalized according to the number of ground
truth objects, as shown in Eq. 2.31, whereN is the length of the input sequence,
Y = f Yi gN

i =1 is the multiple predictions of N frames, Ŷ = f Ŷi gN
i =1 is the ground

truth of N frames, andVi represents the total number of ground truth objects atTi

frame

L o(Y;Ŷ ) =

NP

n=1
(L (Y i

tr ; Ŷ i
tr ) + L (Y i

det; Ŷ i
det))

NP

n=1
(Vi )

: (2.31)
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L is the tracking loss of a single frame, which can be expressed by the Eq. 2.32,
where L cls is focal loss,L l1 denotes L1 loss, andL giou represents generalized IoU.
� cls,� l1 and � giou are the weights corresponding to the each loss

L = � clsL cls + � l1L l1 + � giouL giou : (2.32)

2.5 NuScenes dataset and evaluation

2.5.1 NuScenes

NuScenes [5] is the �rst large-scale dataset to provide a complete set of sensor data
for automatic vehicles, including 6 cameras, 1 lidar, 5-millimeter wave radars, GPS,
and IMU. Compared with the Kitti dataset, it contains more than 7 times more ob-
ject annotations. The dataset consists of 1000 driving scenes in both Singapore and
Boston, each of which is 20 seconds long and contains a variety of tra�c situations.
In each scene, there are 40 keyframes, that is, there are 2 key frames per second,
and the other frames are sweeps. The keyframes are manually labeled for 23 object
classes, and there are several annotations in each frame. The form of annotation is
a bounding box. Not only the size, range, and class but also the visibility, activity,
and pose are marked.

2.5.2 Evaluation

To judge whether our MOT model can accurately locate the position of each object,
as so to achieve continuous tracking in the continuous frame, we use MOT metrics
[1] to evaluate our model, including the following criteria which are same as for the
NuScenes tracking tasks

1. Multiple Object Tracking Accuracy (MOTA)
2. Multiple Object Tracking Precision (MOTP)
3. Mostly Tracked(MT): The proportion of tracks that meet the requirements of

ground truth that match successfully at least80% of the time in all tracking
targets. Note that MT and ML here have nothing to do with whether the ID
of the current track changes, as long as the ground truth matches the target.

4. Mostly Lost(ML): The proportion of tracks that meet the ground truth match-
ing success in less than20%of the time in all tracking targets.

5. ID Switch (IDS): The number of times the ID assigned by ground truth has
changed.

6. Fragmentation(FM): FM calculates how many times the track is interrupted
(i.e. the track of ground truth is not matched). In other words, FM will be
counted whenever the track changes its state from tracking state to untracked
state and tracks the same track at a later time point. It should be noted
here that the status of ground truth during FM counting needs to meet the
requirements of tracked! untracked ! tracked. It should be noted that FM
has nothing to do with whether the ID has changed.

7. False Positive (FP): The track and detection predicted in the current frame do
not match, and the incorrectly predicted track point is called FP. Whether the
matching is successful or not is related to the threshold set when matching.
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8. False Negative (FN): The predicted track and detection of the current frame
are not matched, and the unmatched ground truth point is called FN (also
called Miss).

9. Recall: Ratio between the number of correctly matched detections and the
total number of all GT boxes.

10. Precision: Ratio between the total number of detected objects and FP.
11. FAF: The average number of false alarms each frame.
12. FRAG: The total number of fragmentation in a trajectory.

Figure 2.16: The illustration of FP and FN.

Figure 2.17: A simple example of mismatch (IDS).

MOTA re�ects the accuracy of determining the number of targets and the accuracy
of relevant attributes of targets, which is used to count the error accumulation in
tracking, including FP, FN, IDS, which is expressed as

MOTA = 1 �
P

t (FN t + FPt + IDS t )
P

t GTt
(2.33)

where FN t , FPt , IDS t and GTt represent the FN, FP, IDS and the number of
ground truth objects at the framet.

MOTP measures the accuracy of the detection results, that is, the average mea-
surement distance between the detection frame and the GT assigned to it. De�ned
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as

MOTP =
P

t;i dt;i
P

t ct
(2.34)

wherect represents the number of detection frames successfully matched with GT in
the tth frame and the matching criterion is to judge whether the distance between
detection and ground truth is greater or less than a certain thresholdT. dt;i repre-
sents the distance measurement between matchingi th pair in the tth frame (IoU,
GIoU or European distance, etc.).
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Inspired by point-based 3D detector IA-SSD[52], DETR-based 3D detector 3DETR
[27], and DETR-based 2D tracker MOTR [51], we propose an e�cient end-to-end
method about multi-object tracking with 3D point-based Transformer (MOTPT).

It �rst downsamplings the point cloud, extracts the point cloud feature, and then
inputs these downsampled points and point features into the Transformer to detect
and predict the track for vehicles. At last, spatial and temporal attention help to
capture the long-term relationship of vehicles in di�erent frames.

3.1 MOTPT pipeline

Our MOTPT model combines an e�cient single-stage point-based 3D detector IA-
SSD as the backbone with an end-to-end 2D tracker MOTR. Both have some modi�-
cations to make our model able to track multiple objects based on a 3D point cloud
in an end-to-end fashion. Compared with MOTR, we replace the convolutional
neural network (CNN) backbone with the IA-SSD backbone because the IA-SSD
backbone e�ciently extracts point cloud features and distinguishes the foreground
and background instances. Furthermore, we replace the deformable Transformer
with learnable queries to the 3DETR Transformer with non-parametric queries be-
cause we �nd that learnable queries can not work well in the sparse point cloud.

The whole pipeline is shown in Fig. 3.1. A continuous point cloud sequence of
length n is the input. For point cloud pct � 1 at frame t � 1, �rst, it is fed to the
IA-SSD backbone, which consists of several downsampling SA layers to extract the
sampled points and point features as detection queryqt � 1

det . Then Transformer pre-
dicts the detection objects as original track queryqt � 1

otr . Furthermore, qt � 1
otr is used

to calculate the long-term spatial and temporal relationship by the spatial-temporal
module (STM) to get the track query qt � 1

tr . At frame t, the qt � 1
tr is concatenated

with the new detect query at framet as query and fed to the Transformer to create
original track query qt

otr at time t. In the training mode, all the output bounding
boxesB tr of the track queriesf qt � n

tr ; qt � n+1
tr ; : : : ; qt

tr g from framet � n to t are used to
calculate collective average loss with their corresponding ground truth of each frame.
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Figure 3.1: The overall structure of MOTPT.

3.2 Preprocessing

Preprocessing is needed to make the training of our model more stable and reliable.
Several preprocessing methods are applied to input data, including point cloud clip-
ping, data normalization, division of driving direction, coordinate transformation,
and increasing the frame rate of the point cloud sequence.

Point cloud clipping. When the detection distance of the LiDAR is farther, the
noise of the LiDAR is more apparent, and the reliability is low. Hence, we need to
clip the range of lidar detection. We visualize the histograms of point clouds with
di�erent distances in Fig.3.2.

We note that the point cloud is sparse in the NuScenes dataset. Most vehicle
bounding boxes only contain 2 or 3 points. The number of vehicles with a few
points decreases dramatically by clipping a smaller range. When the clipping range
is too small, like 40 meters in X and Y directions, it discards some of the valuable
point clouds. Thus, we decide to choose 50 meters as the clipping range.

Data normalization. The extreme data increases the training frame or leads to
divergence. In this case, it is necessary to apply normalization to the input data
before the whole model training to reduce the impact of extreme data.

The normalized point cloudPCnormal (x; y; z) is the input point cloud PC(x; y; z)
divide by its range RP C . Additionally, the GT needs to normalize the center co-
ordinates C(x; y; z) and the sizeS(l; w; h) including length, width and height. To
be speci�c, RP C is a three dimensional vector[RX ; RY ; RZ ] consisting of the range
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(a) (b)

(c) (d)

Figure 3.2: The histogram of the number of LiDAR point clouds in each vehicle
bounding box with di�erent distance clipping in X,Y direction. (a) 40 meter clipping,
(b) 50 meter clipping, (c) 60 meter clipping, (d) no clipping.

on the X , Y and Z axis, andR is the di�erence between the maximum coordinate
value and minimum coordinate value of the points in the point cloud. Point cloud
normalization equations show as

R = [ RX ; RY ; RZ ] = [ X max � X min ; Ymax � Ymin ; Zmax � Zmin ]

PCnormal (x; y; z) = (
PCx

RX
;
PCy

RY
;
PCz

RZ
) 2 [� 1; 1]3:

(3.1)

Moreover, ground truth bounding boxes normalization equations is given by

C(�x; �y; �z) = (
Cx

RX
;

Cy

RY
;

Cz

RZ
) 2 [� 1; 1]3 (3.2)

S(�l; �w; �h) = (
Sl

RX
;

Sw

RY
;

Sh

RZ
) 2 [0; 1]3: (3.3)

Division of driving direction. In 3D MOT, predicting the orientation is a hard
step compared to the 2D counterpart, where the bounding box is always a rectangle
pointing in the same direction. To get the precise prediction of orientation, we di-
vide the 360� angle into 12 bins, representing30� . Then the orientation prediction
problem becomes a classi�cation problem to predict which bin the direction belongs
to. In addition, a residual angle
 2 [0; �= 6) is needed to determine a speci�c direc-
tion in that bin.
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Ego-Motion Compensation. It is necessary to apply for the ego-motion compen-
sation in two LiDAR frames because the ego-motion transformation in�uences the
tracker's accuracy. The ego-motion compensation (EMC) module transforms the
tracker state in feature space [34]. In our method, we explored the importance of
ego-motion compensation. To be simpli�ed, the ego-motion will be removed in the
tracking mode for the experiment, which transfers the point cloud and the ground
truth bounding boxes from the LiDAR coordinate to the global coordinate

Pglobal = Tglobal
lidar � Plidar (3.4)

wherePglobal and Plidar are the point cloud in global coordinate and LiDAR coordi-
nate respectively. Tglobal

lidar is the homogeneous transform from LiDAR coordinate to
global coordinate.

Increasing frame rate. For the MOTR 2D tracker, the frame rate of the dataset
can reach 20hz, and the pedestrian movements between two frames are small enough
to have IoU. However, in the NuScenes dataset, the LiDAR scans at 2 FPS and 20
FPS, and the ground truth 3D box annotations are only provided in keyframes at 2
FPS. Moreover, the vehicle movements are much larger than pedestrians. Therefore,
it is possible for the vehicles to have no IoU between frames at a low frame rate,
which causes di�culty for the Transformer to learn the motion trend and spatial-
temporal relation of objects. In this case, increasing the frame rate in the NuScenes
dataset is necessary to simplify the tracking.

First, We assume that the fastest speed of cars is 30m=s and the average length
of cars is 4m. According to the Tab. 3.1, we note that cars can move 15m at
30 m=s between two frames at 2 FPS, the displacement much larger than the car's
length, which means there is no IoU between two frames. While too high frame
rate interpolation decreases the accuracy and too low frame rate interpolation is
still hard to track the cars. Therefore, we decide to apply a linear interpolation
to estimate the location of the boxes at the intermediate frames to 10 FPS, which
ensures most of the cars have IoU between frames.

Speed

Displacement FPS
2 FPS 10 FPS 20 FPS

10 m=s 5 m 1 m 0.5 m
20 m=s 10 m 2m 1 m
30 m=s 15 m 3m 1.5 m

Table 3.1: The comparison of displacement among three di�erent frame rates, 2
FPS, 10 FPS and 20 FPS, depending on the speed 10m=s, 20 m=s and 30m=s.
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3.3 Backbone of MOTPT

The point-based method provides the precise location information and 3D point re-
lationship in the point cloud compared with the voxel-based method. However, the
point-based method's random or farthest point sampling cannot e�ciently extract
instances from the point cloud. In contrast, IA-SSD can sample the foreground
points better and faster than other PointNet-based methods due to the class-aware
sampling and centroid-aware sampling, two downsampling strategies that can dis-
tinguish background and foreground points. Therefore, MOTPT uses IA-SSD as the
backbone to downsampling and extract the feature of the point cloud. The structure
of our backbone is shown in Fig. 3.3.

Figure 3.3: The backbone of MOTPT.

The point cloud is initially sent into 5 di�erent set abstraction (SA) layers and a
vote layer to extract features. First, we use distance-based furthest point down-
sampling(D-FPS) and centroid-aware down-sampling to decrease memory and com-
putation costs. The vote layer will vote on the center point of the target to which
they belong so that many vote points close to the target can be obtained, and
bounding box proposals are proposed on the vote point. The center information of
3D bounding boxes is then obtained by feeding the conserved representative points
into the contextual centroid perception module. There are 4 down-sampling layers,
we will get the information of 4096, 1024, 512 and 256 points respectively from each
down-sampling layer including points coordinates information {p4096, p1024, p512,
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p256} and the features of the {f 64
4096, f 128

1024, f 256
512 , f 512

256}, where f dim
n represents the

number of point is n and its dimension of point feature isdim. The encoder takes
p1024 and f 128

1024 as the key of the Transformer because the Transformer requires much
high memory and calculation cost and for the large scale of point. While the decoder
takes p256 and f 512

256 as query inputs. The subscripts here represent the number of
points after each downsampling, and each point represents one object, but it is not
the center of the bounding box, just a point within the box.

The performance of the IA-SSD backbone is shown in Fig. 3.4, the downsampling
candidate points lie in most vehicles thanks to the centroid-aware method.

Figure 3.4: The down-sampling result used the IA-SSD backbone. The red bound-
ing boxes are the vehicle ground truth, and the blue points are down-sampling points
p256 from the IA-SSD backbone.

3.4 Detection of MOTPT

The Transformer of our model is modi�ed from 3DETR. The encoder-decoder ar-
chitecture allows our model to learn the long-term spatial-temporal relations among
objects crossing multiple frames of point clouds in an end-to-end fashion. The
structure of the MOTPT Transformer is shown in Fig. 3.5. The encoder of the
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Transformer takes the points and the features obtained from the above backbone at
frame t, pt

1024 and f 128;t
1024 as input to get the self-attention features.

To be speci�c, the features of 1024 pointsf 128;t
1024 are used as valueVenc of the encoder,

while the features added with the Fourier positional embeddings of 1024 pointspt
1024

is regarded as both keyK enc and queryQenc of the encoder. The expressions ofQenc,
K enc and Venc are shown in Eq. 3.5, wherePE(:) is the Fourier positional embedding
function

Venc = f 128;t
1024

K enc = f 128;t
1024 + PE(pt

1024)

Qenc = f 128;t
1024 + PE(pt

1024):

(3.5)

Figure 3.5: The structure of MOTPT Transformer.

The decoder contains two parts, one is the self-attention module, and the other is
the cross-attention module. The input of the decoder module is a concatenated
vector of detect queryqdet and track query qtr . Detect query qdet contains the 256
sampled pointspt

256 and point feature f 512;t
256 in the frame t, and track query contains

points pt � 1
tr and the featuref 512;t � 1

tr , where tr is the number of tracked query from
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last framet � 1. From the beginning frame, there is no tracked query, and therefore,
tr is 0.

The value Vdec of decoder module is a concatenated vector of detect queryqdet and
track query qtr , while the key K dec and queryQdec of dec module and are both this
vector added with the Fourier positional embedding of queries, we get

Vdec = Concat(f 512;t
256 ; f 512;t � 1

tr )

K dec = Concat(f 512;t
256 + PE(pt

256); f 512;t � 1
tr + PE(pt � 1

tr ))

Qdec = Concat(f 512;t
256 + PE(pt

256); f 512;t � 1
tr + PE(pt � 1

tr )) :

(3.6)

Here, the detect queryqdet aims to represent the detection of the objects in the
current frame, which isf 512;t

256 the output from the backbone at framet. While track
query qtr is the tracked object from previous frames. Note thatqtr is empty at the
�rst frame, and this size of qtr depends on the number of the tracked objects previ-
ously.

Finally, the decoder gets the output embeddingembedout , and MLP is leveraged to
predict the class label, location, size, and orientation (bin class and residual angle)
of objects fromembedout .

To make the training task easier and predicted location more precise, we predict the
o�set of the location from embedout and deal with the location of detect queries and
track queries separately, shown in Fig. 3.6.

For the candidate points of detect query,p256 represents 256 candidate points of 256
proposals. The centers of the detection bounding boxesCdet are the p256 plus the
detect o�set ddet predicted by MLP of detect-o�set MLP do after the decoder

Cdet = p256 + ddet = p256 + MLP do(embedout ) � � do (3.7)

where� do is the upper boundary ofddet, which usually is set to half of the car length
because the distance fromp256 to Cdet is not larger than half of the car length.

For the track query, track-o�set MLP MLP to is leveraged to predict the motion
o�set. The center of tracked bounding boxCt

tr in the current frame t is the center
of tracked bounding boxCt � 1

tr in the previous framet � 1 plus the track o�set dt � 1
tr

Ct
tr = Ct � 1

tr + dt � 1
tr = Ct � 1

tr + MLP to (embedout ) � � to : (3.8)

The dtr is the normalized prediction ofMLP to multiply the � to . Moreover, thedtr

represents the vehicle motion displacement, which has upper boundary� to .
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Figure 3.6: The MLP prediction of o�set for detect query and track query. Detect-
MLP is used to predict the detect o�set from sampled point to the center of the
bounding box in framet � 1. Another Track-MLP is used to predict the track o�set
from sampled point in framet � 1 to the center of the bounding box in framet.

3.5 Label assignment in training

In the training part, the target-consistent label assignment will be separated into
two parts: new-born objects assignment� new and tracked objects assignment� tr .
An example of the association strategy between two frames is shown in Fig. 3.7.
The � new is the matching correspondence that uses the Hungarian algorithm to
execute bipartite matching between theobjnew and its correspondent ground truth
GTdet. The detection assignment processing is shown in the Eq. 3.9

� i
new = argmaxL Hungarian (objinew ; GT i

det) (3.9)

where L Hungarian is the loss of Hungarian algorithm determined by a combination
of three components: IoU, class and center distance, and theL Hungarian de�nes as

L Hungarian (objinew ; GT i
det) = � iou L iou (objinew ; GT i

det) + � clsL cls(objinew ; GT i
det)

+ � centL cent (objinew ; GT i
det)

(3.10)
where L iou and L cent is to calculate the IoU and center distance of detection and
ground truth, respectively. L cls is same as the class loss in DETR shown in Sec.
2.4.1.

The � tr is the matching correspondence that associating the tracked objectsobjtr
with its correspondent tracked ground truth GTtr . At the frame t � 1, the objt � 1

tr
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Figure 3.7: Association strategy of MOTPT Transformer. Left: Hungarian asso-
ciation for new-born objectsobjt � 1

new assignment in framet � 1. The objt � 1
new (green

boxes) come from detection of model, and they are assigned with its correspondent
ground truth GTnew by Hungarian association in framet � 1. Right: Tracked ID
association for tracked objectsobjttr assignment in framet. The objttr (blue boxes)
come from the motion prediction ofobjt � 1

tr . objttr , associate with its correspondent
ground truth GT t

tr based on their track IDs. The disappear objectsobjtdis (black
boxes) associated with empty object and count their disappear time.

is empty, and generate theobjt � 1
new , then, the objttr in frame t come fromobjt � 1

new is
assigned toGT t

tr . In the next frame, the objt+1
tr in frame t + 1 come fromobjttr is

assigned toGT t+1
tr . If objtr which is not matched with any ground truth GT, then

it is regarded as disappear objectsobjdis , assigned as empty objects, and counts
the disappear timeTdis . When Tdis is greater than disappear threshold� dis , remove
objdis and set it asobjexit .

The tracked objects assignment processing is shown as

� t
tr =

(
; i = 0

� i � 1
tr [ � i � 1

new 2 � i � N
(3.11)

whereN is the length of the point cloud sequence.

3.6 Re�nement for tracking prediction

The query output from Transformer serves as the original track queryqotr , and it
is fed into the spatial-temporal module (STM) to re�ne theqotr and �lter the track
query set. In STM, a spatial module and a temporal module update theembedout
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for modeling the implicit motion model, which is shown in Fig. 3.8.

The temporal attention updates theembedout by calculating the attention with the
previous output embeddingembedt � 1

out and current output embeddingembedtout . The
key and value of self-attention areembedt � 1

out , and the query isembedtout , which rep-
resents the relationship ofembedout in time dimension.

Then spatial attention updates theembedout by calculating the attention with the
query embeddingembedq and the embedout , where query embedding de�nes as con-
catenating the detect query and the tracked query. The key and query of self-
attention are concatenatingembedq and the embedout , and the value isembedout ,
which combines the query embedding relationship forembedout .

After temporal and spatial attention, the STM also predicts a tracking scoresST M

for tracked objects in training mode and calculates the loss of tracking score with
the labels inGT to evaluate whether theembedout updated by STM is reasonable.

In the training mode, the STM module only keeps theqotr objects whose IoU with
the GT is larger than the active track threshold� active and saves the �lteredqotr as
qtr , and it can be expressed as

sST M = FC(embedout ) (3.12)

whereFC is fully connected layers of tracking score.

(a) temporal attention (b) spatial attention

Figure 3.8: Spatial attention and temporal attention.
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3.7 End-to-end training

The whole pipeline is trained in an end-to-end fashion. The total lossL total contains
down-sample strategy lossL downsampling , centroid prediction lossL cent , multi-layers
of box prediction loss for detect query and track queryL box, the loss of track score
L ST M for STM module, class prediction lossL cls and "no object" lossL no

L total = � samL sample + � centL centriod + L box + � clsL cls + � noL no + � tr L ST M : (3.13)

Furthermore, the L box can be separated into location lossL loc, size lossL size, angle-
bin lossL angle� bin , angle-residual lossL angle� res , and corner lossL corner

L box = � locL loc + � sizeL size + � bin L angle� bin + � resL angle� res + � corner L corner (3.14)

where all the coe�cients of these losses are the corresponding weights, re�ecting
the importance of di�erent loss functions to the training. The corner loss helps to
constrain the box prediction further. Speci�cally, the auxiliary loss for multi-layer
box prediction is used to calculate the loss for each layer in the Transformer, which
helps the model output the correct number of objects of each class.

Like 3DETR, use L1 loss for location and size loss, cross entropy loss for angle-
bin loss and Huber loss [15] for angle-res loss. Because of the unbalanced number of
ground truth and empty prediction objects, use the focal loss [19] for class prediction.

In order to improve the training e�ciency and stabilization, it is better to gradually
increase the number of training frames for each training clip, because train with
a small number of training frames in one clip is fast and stabilizes the weight of
the tracker, and then increase the number of training frames help to capture the
long-term relationship.

3.8 Inference

In the inference, the Transformer module outputs the predict scoresspred , predict
boxesboxpred of query, but there is still no IDs assign for theboxpred . There are two
methods to assign the ID for predict boxes to infer the �nal tracked result

ˆ Score �lter method, using the predict score to distinguish the new-born objects
objnew , disappear objectsobjdis , and exit objectsobjexit directly.

ˆ Post matching method, using the Hungarian matching to associate objects.

3.8.1 Score-�lter method

For inference using score-�lter method, the new-born objectsobjnew are de�ned as
the objects of detect queriesqdet whose predict scoresspred are greater than the
new-born threshold� new , we get

objnew = f qk 2 qdetj spred;k > � newg (3.15)
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Figure 3.9: The score �lter inference of MOTPT. We set� new = 0:6, � dis = 0:5.
The new-born objectsobjt � 1

new 1-6 in frame t � 1 will be predicted in a high score
(larger than 0.5). In frame t, objt � 1

new updates as tracked objectsobjttr , and other
score of duplicated detection onobjttr will be suppressed(green boxes 1, 2, 4, 5, 6).
The disappear objectsobjtdis (black boxes 3) whose scores lower than� dis counts its
disappear time.

wherespred;k is the predict score for thekth object in detect queries.

The disappear objectsobjdis are the of track objectsqtr whose scoresstr are lower
than the disappear threshold� dis . Moreover, the disappear objects will be �ltered,
and exit if disappear time is greater than exit threshold� ex for the consecutiveN
frames. It can be expressed as

objdis = f qk 2 qtr j spred;k < � dis g
objexit = f spred;k > � exg

(3.16)

wherespred;k is the score of thekth track query.

An example of the score �lter inference result is shown in Fig 3.9. The new-born
objectsobjt � 1

new 1-6 in framet � 1 will be predicted in a high score (larger than 0.5).
In frame t, objt � 1

new updates as tracked objectsobjttr , and other score of duplicated
detection onobjttr will be suppressed(green boxes 1, 2, 4, 5, 6). The disappear objects
objtdis (black boxes 3) whose scores lower than� dis counts its disappear time.

3.8.2 Post-matching method

Another proposal is the post-matching method, which uses the Hungarian matching
method to associate the detected objects and tracked objects from the Transformer
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output. Although the bipartite matching output can suppress the duplicate detec-
tion for the same vehicle, the performance of suppression is still not stable, especially
for the low-score objects near the boundary of LiDAR detection, which are easily
mistaken as duplicated objects and removed. So, in order to make good use of the
low score detection and improve the detection performance, it is necessary to apply
NMS to remove the extra and overlapping bounding boxes to get �ltered detection
objects after NMSobjdet. At frame t, the tracked objectsobjttr come from motion
prediction of previous detect objectsobjt � 1

det or previous tracked objectsobjt � 1
tr . Then

apply Hungarian match betweenobjtdet and objt � 1
tr to get the associated correspon-

dence. After Hungarian match, we need to �lter some unreasonable correspondence
whose distance are larger than the distance threshold� match to get �ltered associated
correspondence� t

det;tr

qdet _ match ; qtr _ match = f di 2 � det;tr j di < � match g: (3.17)

Figure 3.10: The post-process inference of MOTPT, Left: detection objectsobjt � 1
det

1-6 in frame t � 1. Right: In frame t, Tracked objects objttr come from motion
prediction of objt � 1

det . The objttr 1, 2, 4, 5, 6 have association withobjt � 1
det use Hungarian

matching, and assign their track ID to their correspondent detectionobjtdet 1, 2, 4,
5, 6. Tracked objects 3 have no associated detection, which is de�ned as disappear
object objtdis , and count its disappear frame. Detect objectsobjtdet 7,8,9 have no
correspondent tracked objects, which are regarded as new-born objectsobjtnew .

Based on the �ltered association correspondence� det;tr , in frame t, we assign the
track ID of the objt � 1

tr to their correspondentobjtdet, because we trust the detection
compared with track prediction more. The new-born objectsobjtnew de�ne as the
unmatched correspondences in theobjtdet, and disappear objectsobjtdis de�ne as the
unmatched correspondence in theobjt � 1

tr and count its disappear frames. When the
number of the disappear frames is larger than the exit threshold� ex, then it will
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be regarded as the exit objectsobjtexit and removed from the tracked objects. An
example of the post-process matching inference result is shown in Fig 3.10.

3.9 Implementation detail

Our MOTPT tracker is trained in the OpenPCDet [38] framework, which is a code
library for point cloud 3D target detection based on the PyTorch implementation.
It adopts the top-level code framework design idea of data-model separation, allow-
ing researchers to easily adapt various models to di�erent point cloud 3D object
detection datasets, eliminating the concern of getting lost in the 3D coordinate
transformation when developing models.

Our model is trained with 8 A100 GPUs with 1 batch size, using AdamW[21] as
optimizer, initial momentum � = 0:9, initial learning rate � = 0:01, and weight
decay wdc = 0:01, which is fast-converge. Since the NuScenes contains a large
number of training frames and uses interpolation to increase the frame frequency
from 2 FPS to 10 FPS, it costs a lot of training time to train one epoch. Therefore,
we only train the model with small epochs (30) and gradually increase the number
of training continuous frames from 3 to 5 every 10 epochs.
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Results

4.1 Detector performance

First, we implement the IA-SSD detector on the NuScenes dataset and �nd that it
is an e�cient and accurate detector. Then, we compare the feature of 256 points
f 256 of di�erent dimensions 256 and 512 (f 256

256 and f 512
256), which causes little di�erent

performances shown in Tab. 4.1.

Dimension Object Class AP" ATE # ASE# AOE# AVE# AAE#
256 car 0.677 0.176 0.144 0.131 2.010 0.505
512 car 0.678 0.176 0.145 0.126 2.026 0.503

Table 4.1: The detection performance of IA-SSD.

We train our MOTPT tracker model for several steps to improve training e�ciency.
First, we pre-trained a detector as initialization of MOTPT, which can dramatically
speed up the overall training process. The detector model is formed by combining
the IA-SSD backbone and the 3DETR Transformer, the single frame training model
of MOTPT.

In order to explore the optimal parameters of the detector, we choose relatively good
performance parameters as the control group, which only changes one parameter re-
spectively in follow experiments. The parameters of the control group shows in Tab.
4.2, and its performance shows in Tab. 4.3.

Tune detector layers. In order to improve the detector performance, we explore
the in�uence of di�erent parameters on the Transformer module, including the num-
ber of encoder layers and decoder layers of the Transformer. Tab. 4.4 shows the
detection performances of the di�erent number of encoder layers and decoder layers.
We do the ablation of the encoder and set its number of layers as 0 �rst, and the re-
sult shows that the encoder is vital. The module cannot work for this model without
an encoder because it is necessary to use self-attention to capture the relationship
of point features between di�erent downsampling layers. Meanwhile, increasing the
number of encoder layers improves the average accuracy AP of the detector, while
increasing the number of decoder layers only slightly improves the detector's per-
formance. Moreover, the detector is the heaviest part of the model, which costs the
most GPU memory in training. To balance the model e�ciency and accuracy, we

47



4. Results

Transformer
Encoder layer 6
Encoder head 4

Encoder dimension 128
Encoder FFN dimension 128

Decoder layer 2
Decoder head 4

Decoder dimension 512
Decoder FFN dimension 512

Weight of matcher
� iou 2
� cls 1
� cent 1

Weight of total training loss
� cls 2
� no 5
� bin 1
� res 1
� loc 10
� size 0.1

� corner 0.05

Table 4.2: Control group parameters consist of three components: the Transformer
parameter, matcher weights, and training weights.

Object Class AP" ATE # ASE# AOE# AVE# AAE#
car 0.577 0.353 0.284 0.201 2.119 0.505

Table 4.3

decide to use 6 encoder layers and 2 decoder layers in the detector model.

N M Object Class AP" ATE # ASE# AOE# AVE# AAE#
0 2 car 0.038 0.739 0.298 1.557 1.873 0.425
2 2 car 0.573 0.342 0.282 0.197 2.108 0.505
4 2 car 0.574 0.350 0.284 0.202 2.097 0.503
6 2 car 0.577 0.353 0.284 0.201 2.119 0.505
6 4 car 0.577 0.352 0.284 0.208 2.153 0.509
6 6 car 0.578 0.349 0.284 0.200 2.141 0.508

Table 4.4: The detector performances of the di�erent numbers of encoder layers
and decoder layers, whereN and M represents the number of encoder layers and
decoder layers, respectively.

Tune loss weights. We also tune the optimal weight of the detector losses. From
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the experiments shown in Tab. 4.5, it can be seen that the low�no decreases the
detector's performance because it will greatly impact the prediction score and fur-
ther in�uence the average precision. While changing single� loc or � corner has no
great impact as� no, becauseL loc and L corner both are parameter of the prediction
box, which can complement each other. Therefore, it is better to choose a larger
� no and � loc, and a small� corner .

Object class AP" ATE # ASE# AOE# AVE# AAE#
� no = 0 car 0.571 0.354 0.284 0.204 2.125 0.508
� no = 1 car 0.577 0.355 0.284 0.205 2.106 0.502
� loc = 0 car 0.575 0.355 0.284 0.205 2.120 0.504
� loc = 1 car 0.577 0.355 0.284 0.207 2.131 0.504

� corner = 0 car 0.573 0.352 0.284 0.203 2.130 0.508
� corner = 1 car 0.577 0.357 0.284 0.206 2.129 0.506

Table 4.5: The comparison of the importance of box loss weights to the detector
performance.

Tune matcher weights. We explore the in�uence of weights of the Hungarian
matcher on the detection performance shown in Tab. 4.6. The experiment's result
shows that the� cls = 0 is much more important for the detector, which deserved to
set a higher weight.� cent = 0 and � iou = 0 have almost the same impact because the
most matched prediction of the vehicle also has the largest IoU and closest distance.
Therefore, a reasonable choice of matcher weight is� cent = 1, � cls = 2, � iou = 1.

Object Class AP" ATE # ASE# AOE# AVE# AAE#
� cent = 0 car 0.575 0.354 0.284 0.202 2.120 0.506
� iou = 0 car 0.576 0.354 0.284 0.204 2.123 0.505
� cls = 0 car 0.571 0.352 0.284 0.205 2.120 0.506

Table 4.6: The comparison of the importance of Hungarian matching weights to
the detector performance.

Feature dimension. Like implementing IA-SSD, we compare the feature of 256
points f 256 of di�erent dimensions 256 and 512 (f 256

256 and f 512
256). The comparison re-

sults are shown in 4.7. The lower dimension off 256 in Transformer causes the main
decrease in performance because the dimension of the backbone has little impact on
the detector. Therefore, we choose to use 512 dimensionalf 512

256 because the higher
dimension expresses a more complex feature.

Data augmentation. Moreover, We consider the impact of data augmentation on
the detector e�ect. The augmented 3D point clouds commonly improve the ground
truth density in training to increase the training speed and avoid over�tting. For the
augmentation of the data in the detection task, we sample the ground truth data and
balance the number of ground truth objectsGTnum in all frames whenGTnum is less
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Dimension Object Class AP" ATE # ASE# AOE# AVE# AAE#
256 car 0.428 0.602 0.329 0.243 2.182 0.504
512 car 0.577 0.353 0.284 0.201 2.119 0.505

Table 4.7: The detection performance of di�erent dimensional point feature.

than a threshold � balance, and also add small perturbations, including random axis
�ips with 50%probability, random rotation around z-axis with an angle in the rangeh
� �

4 ; �
4

i
and random scaling of the scenes with a factor in the range[0: 95; 1: 05].

The experiment result for data augmentation with di�erent � balance shows in Tab.
4.8.

� balance Object Class AP" ATE # ASE# AOE# AVE# AAE#
5 car 0.577 0.354 0.284 0.202 2.118 0.507
10 car 0.577 0.351 0.284 0.204 2.133 0.507
15 car 0.573 0.352 0.284 0.200 2.124 0.507

Table 4.8: The comparison of detection performance of di�erent� balance.

It can be seen that when� balance is a small number like 5, 10, then theAP of the
detector is almost the same. However, the giant� balance degrades the detector's
performance since this data augmentation strategy creates some irrational ground
truth instances in the point cloud. At the same time, NuScenes is a sizable dataset,
ensuring su�cient data to prevent over�tting. Therefore, balancing the number of
ground truths in NuScenes detector training is unnecessary.

In brief, our detector performance is worse than the IA-SSD detector. The potential
reason is that IA-SSD uses the one-to-many matching method, and our detector
uses the one-to-one matching to train. However, due to insu�cient supervision
due to unbalanced foreground information, the performance of one-to-one matching
methods is inferior to that of traditional detectors trained with one-to-many label
[56].

4.2 Tracker training

To speed up the MOTPT tracker training, we freeze the IA-SSD point-based back-
bone and use the pre-trained detector model to preliminary detect the vehicle for a
single frame.
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Figure 4.1: Three consecutive frames in the 10 FPS tracking training. Some
objects, only have red boxes but no green boxes, which means that the detection is
missed. While some objects, they have more than one green detection box, that's
the duplicate detection.

In the training mode, in order to predict track o�set dtr correctly, we set a maximum
� to to boundary it in x, y, z dimensions between two frames. Because an object
cannot move too far between two frames, this o�set will be considered with the frame
rate. In 2 FPS tracking, we set� to = (10; 10; 2), and 10 FPS tracking,� to = (4 ; 4; 1),
because the vehicles move longer between in the lower frames. In addition, there
might be several detection bounding boxes for the same object, and a detection score
threshold � d of 0.3 is set to �lter low score boxes. However, duplicate detection still
occurs since there might be more than one high-scoring box for one object, and it
may cause missing detection since the only detection for the object has poor quality
with a score lower than 0.3, as shown in Fig. 4.1. This problem mainly a�ects the
tracking continuity, making it easy to cause ID switches. Meanwhile, the duplication
is more likely to happen for the detection on the point cloud boundary. Therefore, to
remove the duplicated detection, NMS is needed to solve this problem in inference.

4.3 Tracker inference

4.3.1 Score-�lter method

In practice, we �nd that the tracking performance of inference using the score-�lter
method is terrible. The reason is that it is hard for the Transformer to suppress
the score duplicate detection, although we assign the duplicate detection to the
no object class and punish it with a high no object loss� no. In this case, when there
is duplicate detection, there are duplicated tracks, which dramatically increases the
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ID switch and false positive. Meanwhile, the new objects far from LiDAR will be
detected with relatively low scores, so they will not be regarded as new objects. This
situation increases the false negative. Hence, the score-�lter method is sensitive to
the score threshold� new and � dis .

Figure 4.2: An example of inference using the score �lter method in 10 FPS scene
without ego-motion. � new = 0:6, � dis = 0:5. The duplicate tracks occur because of
the similar detection score, and the ground truth far from LiDAR predicts a low
score and causes miss detection.

4.3.2 Post-matching method

Post-matching is a method that rely on two key parameters:� match and � ex. In
addition, the frame rate of the point cloud, whether using STM and whether remov-
ing ego-motion impact the tracking performance. In order to explore the impact of
these elements, we also set a control group. Tab. 4.9 control group's condition and
its tracking performance in both 2 FPS and 10 FPS scenes.

Tune parameters. The post-matching method thresholds� match and � ex greatly
impact the tracking performance. For� match , if it is too small, the situation that
some tracked objects occluded by others for several frames are terminated in ad-
vance, and some tracked objects may be regarded as new-born objects more often.
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FPS Ego STM � match � ex AMOTA " AMOTP # RECALL " FP# FN# IDS#
2 �

p
10 4 0.391 1.315 0.512 5156 28432 3309

10 �
p

5 4 0.478 1.206 0.546 5790 26501 1296

Table 4.9: The tracking performance of two cases in 2 FPS and 10 FPS. For 2
FPS, � match is set to 10 and� ex is set to 4. For 10 FPS,� match is set to 5 and� ex is
set to 4.

Meanwhile, � match also can not be tremendous. Otherwise, disappear objects eas-
ily produce false matching with other detection. Both of these situations lead to
a high-level ID switch. The comparison of di�erent� match in 2 FPS and 10 FPS
scenes shows in Tab. 4.10. According to the results, we set� match = 15 in 2 FPS
and � match = 5 in 10 FPS.

� match AMOTA " AMOTP # RECALL " FP# FN# IDS#

2 FPS
5 0.344 1.254 0.508 9421 28715 3060
10 0.391 1.315 0.512 5156 28432 3309
15 0.392 1.315 0.513 5475 28402 3358

10 FPS
2 0.314 1.398 0.471 6101 30839 4542
5 0.447 1.276 0.530 4493 27391 1674
8 0.447 1.273 0.531 4560 27350 1734

Table 4.10: The comparison of di�erent � match in 2 FPS and 10 FPS scenes.

For � ex, it depends on the stabilization of detection. Small� ex causes the disap-
pear objects to exit easily, and when these disappear objects re-appear, they will
be regarded as new objects, which increases the ID switch. While large� ex leads to
the exit objects still being kept in some frames, which increases the false positive.
The comparison of di�erent � ex in 2 FPS and 10 FPS scenes shows in Tab. 4.11.
According to the results, we set� ex = 4 in 2 FPS and� ex = 6 in 10 FPS.

� ex AMOTA " AMOTP # RECALL " FP# FN# IDS#

2 FPS
2 0.349 1.252 0.534 10705 27170 3278
4 0.391 1.315 0.512 5156 28432 3309
6 0.273 1.222 0.506 13094 28799 3010

10 FPS
2 0.446 1.274 0.502 3328 29034 1287
4 0.478 1.206 0.546 5790 26501 1296
6 0.479 1.206 0.546 5692 26480 1289

Table 4.11: The comparison of di�erent � ex in 2 FPS and 10 FPS scenes.

Ego-motion. In the tracking processing based on the LiDAR data, the ego-vehicle
can have a long-distance journey between two LiDAR frames, especially in a low
frame rate case. Since all the information in one frame will be encoded to the implicit
features, converting it using the recognized pose change is di�cult. Furthermore,
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the implicit ego-motion parameter included in the detection bounding box will cause
di�culty estimating a static vehicle's motion prediction. Therefore, the easiest way
to solve this problem is to convert the input LiDAR data into a certain global coor-
dinate system. The comparison of whether removing ego-motion is shown in Tab.
4.12, we can �nd that both in 2 FPS and 10 FPS, removing the ego-motion can
slightly improve the tracking performance.

Ego AMOTA " AMOTP # RECALL " FP# FN# IDS#

2 FPS
� 0.374 1.285 0.508 7169 28686 3084p

0.312 1.412 0.468 8269 289896 3642

10 FPS
� 0.485 1.171 0.515 5129 28269 822p

0.430 1.184 0.479 5556 30365 1184

Table 4.12: The comparison of whether having ego-motion in 2 FPS and 10 FPS
scenes.

Ablation on STM. The STM module, consisting of temporal and spatial atten-
tion, aims to capture the long-term relationship of all objects across the point cloud
sequence and help to improve the accuracy of track prediction. In order to further
verify the function of STM, we remove this module and evaluate it in 2 FPS and 10
FPS scenes without ego-motion.

We can �nd that the STM module can play a more e�ective role in 10 FPS tracking
than 2 FPS tracking because the e�ect of the STM module is to improve the accu-
racy of track prediction. For 10 FPS tracking, the motion pattern is much easier to
learn for the STM module. While for 2 FPS, the motion pattern is harder to dis-
tinguish and has more complex spatial and temporal relationships, which STM can
help a lot. Therefore, the STM module has a signi�cant impact on 2 FPS tracking.

STM AMOTA " AMOTP # RECALL " FP# FN# IDS#

2 FPS
� 0.343 1.255 0.510 9832 28600 3163p

0.391 1.315 0.512 5156 28432 3309

10 FPS
� 0.474 1.273 0.541 5129 28269 822p

0.478 1.206 0.546 5790 26501 1296

Table 4.13: The comparison of whether having STM in 2 FPS and 10 FPS scenes.
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