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Abstract

Multi-object tracking from LiDAR point clouds presents unique challenges due to
the sparse and irregular nature of the data, compounded by the need for temporal coher-
ence across frames. Traditional tracking systems often rely on hand-crafted features and
motion models, which can struggle to maintain consistent object identities in crowded or
fast-moving scenes. We present a lidar-based two-staged DETR inspired transformer; a
smoother and tracker. The smoother stage refines lidar object detections, from any off-
the-shelf detector, across a moving temporal window. The tracker stage uses a DETR-
based attention block to maintain tracks across time by associating tracked objects with
the refined detections using the point cloud as context. The model is trained on the
nuScenes and KITTI datasets in both online and offline (forward peeking) modes demon-
strating strong performance across metrics such as ID-switch and multiple object tracking
accuracy (MOTA). The numerical results indicate that the online mode outperforms the
lidar-only baseline and SOTA models on the nuScenes dataset, with an aMOTA of 0.724
and an aMOTP of 0.475, while the offline mode provides an additional 3 pp aMOTP.

1 Introduction

Multi-object tracking (MOT) involves the detection and association of multiple objects across
frames in an image or video sequence. MOT is very useful in applications such as automated
driving, traffic control [35], video surveillance [1] and animal behaviour studies [53]. The
ability to accurately track multiple objects is a cornerstone of these systems, particularly in
the context of self-driving vehicles and advanced robotics. LiDAR technology (Light Detec-
tion and Ranging) has become a key sensor in these domains due to its ability to provide pre-
cise 3D measurements of the environment [15, 34]. Numerous works have been conducted
in 2D camera [3, 51, 55, 58], radar domains [27, 50] and some extensions to 3D [44, 54].
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(a) Overall architecture (b) Smoother selection mechanism

Figure 1: LIDAR MOT-DETR works by first selecting relevant detections across a temporal
window, k, using our Smoother mechanism. Relevant objects are then jointly tracked using
detection queries, track queries and PC features in an iterative transformer track process.
Brown background represents new tracks whiles existing tracks with black background.

However, MOT using LiDAR pointcloud (PC) data presents several challenges: inaccurate
motion models [48], complex post-processing, life cycle management and re-identification,
short-term track identification of objects and inconsistent ego-motion of the sensor platform
[37, 43]. For example, in the field of autonomous driving, most object tracking approaches
require enormous (and tiring) optimization and hyperparameter tuning effort [10, 55], with
the resulting tracker not being robust to changes in the data [44].

Early (classical) tracking methods, which are still popular today, rely on explicit motion
modelling as dynamical systems (for an introduction see e.g. [28]). These approaches, which
includes Kalman Filter [45] and particle filter [20], suffer from imperfect appearance and mo-
tion models [18, 42] and are sensitive to the choice of hyper-parameters. They also strongly
depend on ego-motion information (to compensate for induced motion in the sensors refer-
ence frame) that is often estimated separately and can be inefficient and error-prone [45].

Neural networks have become a powerful tool for MOT due to their ability to learn ro-
bust feature representations [9, 11, 21, 22]. Hybrid approaches that incorporate deep learn-
ing focused on modelling spatial and motion features inherently within the networks have
improved the efficiency of object tracking [22, 39, 45], though their performance largely de-
pends on the performance of the underlying object detectors [40]. Transformers [36], orig-
inally developed for natural language processing, have proven remarkably versatile across
various domains, including computer vision and, more recently, pointcloud processing [13].
Their ability to model long-range dependencies and handle sequences of varying lengths
makes them well-suited for the task of MOT in LiDAR data [37, 57].

Our main contributions are as follows:

e We introduce LIDAR MOT-DETR, a modular, detector-agnostic (i.e. works with any
existing object detector), two-stage framework which can be tailored for both online
and offline tracking.

¢ Both smoother and tracker architectures are based on the DETR transformer, tailored
specifically to the needs of smoothing and tracking.

* Qur tracker outperforms current state-of-the-art (SOTA) lidar models with an aMOTA
of 0.724 and aMOTP of 0.475 on nuScenes validation set in an online setting. Even
more significantly, it achieves an aMOTP of 0.445 on the nuScenes test set in offline
mode.
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2 Related Work

LiDAR-based Multiple Object Tracking has seen significant developments in recent years,
particularly with the incorporation of deep learning methods [13, 15, 16]:

Introduction of Multiple Object Tracking. Traditionally, MOT relied heavily on proba-
bilistic models such as the Kalman Filter [28] and its variations, which use explicit motion
modelling and heuristic track assignments such as greedy and Hungarian assignment [45].
Kalman Filters enabled efficient data association, allowing for the matching of detected ob-
jects across frames. However, they often struggled with occlusions, dynamic environments,
and complex object interactions. Deep learning methods, particularly Convolutional Neural
Networks (CNNs), have transformed MOT by enabling robust feature extraction and learn-
ing from large datasets [21, 33] in both 2D and 3D. Approaches like FairMOT [55] and Deep
SORT [45] extended Kalman Filters by combining CNN-based object detection features with
Recurrent Neural Networks (RNNs) for temporal modelling, achieving state-of-the-art per-
formance in image-based MOT. However, these methods are ineffective with LiDAR data
due to its sparse and irregular nature [48].

LiDAR-based Multiple Object Tracking. LiDAR sensors provide precise 3D point clouds
that are invaluable for understanding the spatial arrangement of objects in an environment [15].
Early approaches to LiDAR-based MOT often relied on voxelization or point-wise fea-
ture extraction methods [2], followed by traditional tracking algorithms like the Extended
Kalman Filter (EKF) [12, 45]. These methods were limited by their reliance on hand-crafted
features and their inability to capture the complexity of object dynamics in 3D space. Recent
advancements have seen the integration of deep learning models directly with LiDAR point
clouds. Yin et al. [49] introduced CenterPoint, a voxel-based framework that detects ob-
jects and tracks using greedy closest-point matching in 3D space. CenterPoint demonstrates
that leveraging spatial features directly from point clouds significantly improves tracking
accuracy. Utilizing further features from these detection models have provided recent deep
learning trackers with enriched depth and spatial information which has been a baseline for
most deep learning detectors [30] and trackers [12, 33, 45].

Transformers in LIDAR Multiple Object Tracking. In MOT, transformers have been uti-
lized to enhance temporal consistency in tracking [8, 11]. Wang et al. [41] presented a strong
sensor-fusion transformer-based framework for egomotion-aware 3D object tracking, which
directly models the motion of objects and the sensor platform. Ruppel et al. [32] developed
a transformer-based tracker that builds on previous point-based detection systems [37]. The
inclusion of transformers enhanced the model’s ability to use rich query feature represen-
tations to track objects using attention-based mechanism [7, 39, 51, 54] which is used in
camera and lidar domain. However, deep learning approaches often fall short with handling
new-born trajectories [51], mangaging bounding box precision, complex post-processing
methods [51], managing identity switches and the track life cycle [11]. In this paper, we
focus on inherently tracking objects using transformers without the need for heuristics track
life cycle management.
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3DMOTFormer [11]
Figure 2: Qualitative comparison between our method and another SOTA method on
nuScenes validation set (scene_token: 01452fbfbf4543af8acdfd3e8alee806). Both meth-
ods use the same base object detector (CenterPoint [49]).

3 Methodology

We now introduce our novel two-stage DETR [6] transformer-based architecture, consisting
of a smoother and a tracker as depicted in figure 1. The smoother takes the bounding boxes
from the object detector across multiple frames (either past & future frames, or past only) and
outputs cleaner and more consistent bounding boxes. The tracker takes the track predictions
from the previous frames, the detected objects from the current frame and the raw point
cloud, and outputs track predictions for the current frame.

Overview of Tracking and Smoothing. We start with a series of LIDAR point clouds and
corresponding D* = {df,...,d.} sets of detected objects, from an existing (off-the-shelf)
object detector, for each frame 7 = 1,..., T, with n* being the number of detections in frame
7. We assume that n® is bound by above by some n € N.

Each di’ consists of a predicted class label, 3D bounding box center, extents and rotation
angles. For T ¢ {1,...,T}, let D* = 0. For some k € N, the smoother f processes t’ —¢ + 1

frames with the key frame 7 right at the centre of the sequence. The corresponding loss
function £ for learning the smoothing is discussed below.

The tracker g predicts the tracked objects in each frame based on the tracks of the previ-
ous frames, the detected objects from the current frame and the raw point cloud. It creates
a set of track queries which includes the tracks from the previous frame 7! and newly-
initialized tracks from any detection from S which could not be matched to the existing
tracks. It outputs bounding boxes 7% = {p;,s;, Gi,C;,tid,-},':L’._._’Nr consisting of the center
position, extent, yaw rotation, score and track id, respectively, with N* < 7-n denoting the
total number of bounding boxes in frames 1,...,T.

Discussion of Loss Functions. The smoother compares the smoothed detections Sf to
the ground-truth G%, i, j = 1,...,n, while ignoring their ordering. It uses the same bipar-
tite matching as proposed in DETR (DEtection TRansformers) [6]. Suppose we have ng
smoothed detection and n, ground-truth boxes in frame 7. Let BC {(i, /) :i=1,...,n,, j=
1,...,ng, } be a bipartite matching such that for an elements B, and B, with 1 # 1" with their
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two slots fulfilling By x # By i for k = 1,2. We express the loss functions that we use as:

14 f= arg ml;n Z Lmatch (Sira g}:) s where Lmatch = th()behox + Wclchls (1)
(i.j)eB

Lppox denotes the L1 loss which can also be expressed as Lypox = Lpox (ST, gj) and L de-
notes the focal loss which also represents the association loss [23]. The loss weights are
denoted by Wp, and W, respectively. The tracker uses the same loss as in smoother, with
an additional Lg;,, [31] generalized intersection over union loss:

Eg = arg mgn Z L;natch (71-'1-7 g}-) ’ where L:natch = Wl;bobebox + WC{lchls + Lgiou (2)
(i.j)eB

where the corresponding loss weights are denoted by W,, = and W/, respectively. The
generalised intersection over union loss helps in enhancing the precision of the tracker’s
3D bounding box regression for better alignment.

Architectural Details of the Smoother. Noise from LiDAR detections often stems from
environmental factors such as occlusions, reflective surfaces, and sensor artifacts. Therefore,
it is essential to design pre-processing techniques that filter out unreliable detections while
maintaining valuable object information. The smoother serves as a pre-processing step to
fine-tune detections and make up for some missed predictions in-between frames.

Thus, all detections over a period k of a moving window of length are denoted by

in the sequence in the form of embeddings. We define an embedding function, £¥ %k .=

0] (”Df’kf“*”k) that maps the detections D* %% to a d-dimensional embedding, and the
embedding set for all detections with number N, within the time window.

The model encodes historical and future detections into a unified embedding space, con-
taining £7 %"+ using a multi-head self-attention transformer encoder mechanism allow-
ing it to learn long-term dependencies and patterns as shown in Figure | (b). The generated
coding Pf ... using a Top-K selection filter mechanism used by [29], which selects the top
scoring embeddings. We denote the number of tokens selected by Top-K as L. Each output
query embedding Qf € R¢,i=1,...,L, is computed as a non-linear transformation:

OF = 6(WaReLU(W/ &l + by ) + by), 3)

where W and W, are learnable transformation matrices, b; and b, are learnable bias terms,
o is a nonlinearity (ReLU). Finally, the set of query embeddings at frame 7 is, O ; =

(QF,...,07) € REX4. The selected query embeddings is used by the DETR decoder with
self-attention layers to fine-tune the bounding boxes, object classifications and association
scores of the current frame improving the stability of detections. Finally, we apply a feed
forward network to regress the objects ST belonging to the current frame 7.

Architectural Details of the Tracker. Our proposed tracking method integrates a trans-
former-based architecture module for both online and offline multiple object tracking in the
LiDAR domain. The core of our approach is a transformer architecture designed to accept
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tracked objects from the previous frame 7 — 1, detected objects from the current frame 7 and
features of the point clouds, and output tracked objects in the current frame.

For each frame, we start by taking the smoothed detections S* and comparing (matching)
them to the tracks from the previous frame 7°~!. Any detections without a match are used to
initialize new tracks, resulting in a set of track queries Q’ ? that include both tracks from the
previous frame and newly-proposed tracks from the detections. The tracker accepts as input
the track queries Q'°, the detected objects ST and features F&*+1m7 = (Frk+l | FT)
extracted from the point clouds to generate outputs 7 ° which are tracked objects at time 7.

Tr _ g(ST, Qﬂ)]_—r—k—}—l,...,z’) (4)

At its core, the tracker is simply an attention block where the queries are the track queries
QF, the keys are the smoothed detections ST and the values are the point cloud features

fza[ = Attention(Q}Zm,Sffm’]:rkarl,...,r) 5

the attention block essentially searches for detection features (szu,) which are similar to our
track queries (features), with the point cloud features provided as context, and outputs them
as the new track features. From these features we decode the tracked objects in the current
frame as 7° = decoder(T;,). The encoder maps S* — Sfeat by means of a multi-layer
perceptron (MLP) and positional encoding for spatial awareness. The decoder also has an
MLP which is applied to the output new track query: 7° = G(Wb’z;zm +by), where W, and
by, are learnable parameters and o is the sigmoid function, ensuring normalized outputs.

After decoding the features back into tracks 7%, we filter out tracks with a low predicted
confidence. The high-confidence tracks comprise the output of the tracker, and are also
fed forward as track queries for the next frame. The decoded object from the same query
should be representing the same object across frames, thus forming a whole tracklet. To train
the tracker, we need to assign one target ground-truth object for each query in each frame,
and represent the assigned ground-truth object as the regression target for each object. Our
mapping is defined as a one-to-one mapping where every predicted track is assumed to have
only one corresponding ground-truth. In frames where the tracks exceed the ground-truth,
we pad ground-truth with empty/null objects to ensure the one-to-one mapping is achieved.
This streamlined design reduces computational overhead while improving the robustness and
efficiency of LiDAR-based MOT. Utilizing track queries, we are able to better handle data
associations thereby tracking long-term with less identity mismatches [57].

To obtain the point cloud features, we apply the VoxelNet [59] voxelization to a stack of
point clouds in the range T —k+1,..., 7. The weights of the feature encoder are also learned
during training. These point cloud features provide context to the attention blocks so that
an object which appears in multiple frames can be tracked across these frames based on the
extracted LiDAR-based features.

Handling Occlusions and Ambiguities. We maintain a history buffer [51] for each tracked
object, storing information from past frames. This buffer enables predictive tracking when
objects temporarily disappear due to occlusion or sensor limitations. When new detections
emerge in subsequent frames, their state is fused with historical data to maintain continu-
ity. The fusion process prioritizes recent observations while incorporating historical states to
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Method aMOTA?T aMOTP| MOTAT MOTP + MT{ ML| TPt FP| FN| IDS|FRAG|
MotionTrack-L [52] 051 099 048 030 3723 1567 9705
CenterPoint [49] 0.638  0.555 0.537 0.284 5584 1681 95877 18612 22928 760 529
SimpleTrack [28] 0.668 0550  0.537 0.284 5584 1681 95877 18612 22928 575 529
UG3DMOT [17] 0.668 0538  0.549 0.310 5468 1776 95704 19401 22955 906 653
Immortal Track [38] 0.677 0599 0572 0.285 5565 1669 97584 18012 21661 320 477
3DMOTFormer [11] 0.682 0496  0.556 0.297 5466 1896 95790 18322 23357 438 529
NEBP [22] 0.683 0.624  0.584 0.300 5428 1993 97367 16773 21971 227 299
ShaSTA [33] 0.696 0540 0578 0.295 5596 1813 97799 16746 21293 473 356
VoxelNeXt [9] 0710 0511  0.600 0.308 5529 1728 97075 18348 21836 654 537
FocalFormer3D [8] 0715 0549  0.601 0309 5615 1550 97535 16760 21142 888 810
Offline Track [24] 0.671 0522 0553 0.296 5658 1713 96617 16778 22378 570 592

LiDAR MOT-DETR (online)  0.724 0475 0.594  0.310 54152063 97315 18446 21846 404 528
LiDAR MOT-DETR (offline) 0.726 ~ 0.445  0.592  0.312 5561 1892 97593 18695 21495 577 462

Table 1: Overall results of LIDAR-only methods on the nuScenes test set based on Nuscenes
Leaderboard. Best value highlighted in bold and second place underlined.

prevent drift and abrupt positional changes. By aggregating information from multiple (10)
LiDAR sweeps, the tracker can partially “see” occluded objects from alternate viewpoints.
This ensures that tracking remains robust even in complex scenes. The model integrates
both appearance (3D shape) and motion (position, and trajectory) information over time to
differentiate objects that may look similar but behave differently.

4 Experiments

LiDAR MOTR-DETR uses detections from off-the shelf object detectors and hence the per-
formance of our method is influenced by the underlying detector. Thus, for a fair com-
parison, we evaluate the performance with other tracking methods using the same object
detector. We relied on two popular detectors used in previous papers [11], CenterPoint [49]
and Focalformer3D-L [8]. We evaluate our results on both the nuScenes and Kitti public
datasets. Further description of our dataset and data preprocessing steps can be found in the
attached supplementary material. Although our smoother method primarily focused on an
offline mode, the tracker is completely online as it uses point clouds from present and past
frames only and the output of the smoother per key frame. To provide a fairer comparison
with other online methods, we also trained an online variant of the smoother. All ablations
were evaluated using the validation splits.

4.1 Training and Inference.

For better generalization and faster training, we pre-trained the smoother and tracker com-
ponents on unannotated data, which was auto-ground-truthed using the CenterPoint model
and a Kalman-based tracker. This unannotated data is from an private dataset collected with
a different lidar sensor (Velodyne VLS-128). We later used the pre-trained checkpoints as a
starting point when training our model on nuScenes [5] and KITTI [14]. For the CenterPoint
and FocalFormer3D object detectors used in our results, we used the model checkpoints re-
leased by the authors [8, 49].

The smoother network is trained using detections with a temporal window of 15, (k = 7) for
24 epochs by AdamW optimizer. The initial learning rate (LR) is set to 5e-4. This tracker
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Method Detector Modality mAPT mATE| mASE| mAOE| mAAE| NDSt

CenterPoint CenterPoint
Ours (Online Smoother)  CenterPoint
Ours (Offline Smoother) CenterPoint
FocalFormer3D [8] FocalFormer
Ours (Online Smoother) FocalFormer
Ours (Offline Smoother) FocalFormer

0.637 0.255 0.21.0 0.364 0.138 0.695
0.671 0.253 0214 0.342 0.135 0.711

0672 0249 0245 0331 0125 0.725
0.683 0251 0242 0337 0133 0717

[ onill el onll onll el o
=]
=)
o)
=

Table 2: Smoother results on nuScenes validation set with temporal window of 15, when run
on top of two different object detectors. L represents models trained using lidar pointclouds.

is trained on multi-sweep LiDAR frames (sweep size = 10), plus the output detections of
the smoother, for 32 epochs using the AdamW optimizer, LR of 4e-4 and bs of 6. The loss
weights in equation 2 are set as Wy, = 0.5, W;s = 1.0 with @ = 0.5 and y = 2. For the
tracker, we set W), = 0.25, W/, =2.0 with @ =0.25 and y = 2.

Inference. During inference, our model processes raw inputs from multiple LiDAR sweeps,
updates the track queries on a frame-by-frame basis, and outputs a complete set of object
tracks. The relevant tracks are selected using a confidence-based pruning method 7° = {#] |
Cl <t.,tf € T '}, where 7, is the termination confidence threshold (0.2) and C is the track
score. Inactive tracks are terminated when they exceed a predefined maximum of allowed
frames. In this experiment, inactive tracks are terminated after 5 frames. This ensures that
objects missing for several consecutive frames are eventually removed.

Total Frames aMOTA®T aMOTP] IDS| FRAG| mAP{ Total Frames aMOTAT aMOTP| IDS| FRAG] mAP?t
8 0.682 0.559 442 506 0.632 8 0.677 0.557 457 502  0.629
11 0.705 0.556 425 500 0.657 11 0.698 0.542 428 498 0.635
13 0.726 0.538 419 480 0.670 13 0.713 0.532 424 497 0.634
15 0.735 0.523 407 474 0.671 15 0.729 0.529 410 462 0.637
(a) offline (b) online

Table 3: Comparison of tracker performance with different temporal window sizes of
Smoother. Results are generated using CenterPoint detections, on nuScenes validation set
in (a) offline and (b) online modes.

4.2 Primary Evaluation Metrics

MOT are commonly evaluated on two main metrics: Average Multiple Object Track Accu-
racy (aMOTA), which measures how well the tracker detects objects in the scene, and Mul-
tiple Object Track Precision (aMOTP) [4], which measures how well the tracker’s bounding
boxes fit the objects. On Kitti, the performance is evaluated using Higher Order Tracking
Accuracy (HOTA) [25], both MOTA and MOTP [4]. Additionally, we compare the different
methods by identity switches (IDS/IDSW) [4, 10] and track fragmentation (FRAG) [4], as
well as a breakdown of how many of the objects were tracked across at least 80% of their
lifetime (Mostly Tracked, MT) or at most 20% of their lifetime (Mostly Lost, ML) [10]. Any
tracks which lie in between the MT and ML are considered Partially Tracked (PT) objects.
Table 1 compares the performance of LIDAR MOT-DETR with baselines and state-of-the-art
deep tracking methods on the nuScenes dataset. We observed that the aMOTP is significantly
better than other methods, at 0.475 (compared to 0.549 for SOTA FocalFormer3D-L), while
aMOTA remains slightly above SOTA. Thus, while LIDAR MOT-DETR’s tracker accuracy
is better than other methods (with an aMOTA of 0.724, compared to 0.715 of SOTA), its
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Name SensorfHOTA DetA IDSW MOTA Method Detector [aMOTA?T aMOTP/| IDS| FRAG/
UG3DMOT [17] L [0.808 0.782 13 0.866 CenterPoint [49] Centerpoint | 0.637 0.606 - -
MCTRACK [41] | L+C [0.839 - 3 0.64 VoxelNeXt [9] End-to-End | 0.702 0.640 729 -
BiTrack [19] L+C [0.845 0.819 13 0.878 NEBP [22] CenterPoint | 0.708 - 172 271
RobMOT [26] L (0863 - 1 0915 3DMOTFormer [22] |CenterPoint| 0.712 0.515 341 436
CasTrack [47] L ]0.932 - ShaSTA [33] CenterPoint | 0.728 - - -
PC-TCNN [46] L (0944 - 3 0.886 Ours (w/o Smoother) | CenterPoint| 0.681 0.579 435 501
LeGO [56] L (0952 - 1 0.90 Ours (Two-stage) CenterPoint | 0.735 0.523 407 474
FocalFormer3D-L [8]|FocalFormer| 0.721 - - -
Ours (Online) L |0.852 0.817 12 0913 Ours (w/o Smoother) |FocalFormer| 0.729 0486 398 485
Ours (Offline) L |0.894 0.802 8 0916 Ours (Two-stage) FocalFormer| 0.752 0479 332 454
Table 4: Results on KITTI validation Table 5: Results on nuScenes validation set
dataset. with and without smoother in comparison with

other methods.

Detector Pre-training | Smoother | aMOTAT aMOTP| IDS| FRAG]

CenterPoint 0.672 0.581 456 521
CenterPoint 0.685 0.573 438 493
CenterPoint 0.681 0.579 435 501
CenterPoint 0.735 0.523 407 474

FocalFormer-L
FocalFormer-L
FocalFormer-L
FocalFormer-L

ALV PR
AR ¥ LN

0:752 0479 332 454

Table 6: Ablation study on the nuScenes validation set; (1) with and without pre-training;
(2) with and without smoother.

main contribution is in its refinement of the predicted bounding boxes as seen in figures 2
and 3. Although we do not outperform LiDAR SOTA [19, 26, 41, 46, 47, 56] on KITTI
dataset, we see a very competitive performance in HOTA of 0.822 in table 4.

Smoother design choice — offline vs. online. We found that the offline (forward-peeking)
variant of the smoother outperforms the online variant. It achieved an NDS score (nuScenes
Detection Score — weighted sum of multiple detection metrics [43]) of 0.711, as opposed to
0.695 for the online variant (table 2). Both of these significantly outperform the 0.648 score
of the CenterPoint detector itself. Use cases such as auto ground-truthing, which do not need
to run in real-time, would benefit from this increased performance.

Length of smoother temporal window. We found that the performance of the tracker in-
creases as we increase the size of the smoother’s temporal window, in both the online and the
offline (forward-peeking) variants, as observed in the aMOTA and aMOTP (table 3). When
fixing the window size to 15 frames, the forward-peeking variant outperforms the online
variant by 1.7 percent points ( pp).

Effect of base object detector used. We evaluated our method on both FocalFormer3D
[8], a SOTA object detector, and CenterPoint [49], an older object detector. We found that a
large 8.4 pp aMOTA difference between the detectors themselves was reduced to only 1.7 pp
post-tracking in (table 5) with our two stage method. Therefore, the gains provided by Li-
DAR MOT-DETR are higher when used with older/underperforming object detectors.

Effect of smoother model. Additionally, we evaluated the performance of the tracker with
and without the underlying smoother model. Table 5 shows that the performance gain pro-
vided when applying the smoother to the CenterPoint detections (5.4 pp) is much larger than
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(detections) (smoother) (tracker) (ground-truth)
Figure 3: Visual representation on nuScenes validation set. In (detections), we show arrow
a, an object with wrong orientation and facing the wrong (opposite) direction from object
detector. Arrow b shows false positive from detector. We recommend zooming in.

the gain when applying it to the FocalFormer3D detections (2.3 pp). Thus, much of the gain
which LiDAR MOT-DETR gives to the older object detectors comes from the smoothing
step, not necessarily the tracker. This highlights the importance of the smoother model in
our approach, as it helps maintain internal consistency of bounding boxes. An example of
this is illustrated in Figure 3, where we see how poorly-detected bounding boxes from the
raw detector are corrected by the smoother and tracker.

Effect of pre-training. In table 6, we demonstrate the advantage and performance boost
we get as a result of pre-training our model (excluding the detector) on a large-scale auto
ground-truthed proprietary dataset. When training our model solely on nuScenes, we see
a 1.3 pp improvement in aMOTA when incorporating the smoother instead of when not.
However, we achieve an additional 5 pp in aMOTA when pre-training our model on the pro-
prietary dataset. This shows, although the proprietary dataset rather consists of automatically
generated ground-truth, our smoother and tracker clearly benefit from large volumes of data.

In summary, we have observed that our two-stage smoother and tracker exceeds state-
of-the-art tracker performance on the nuScenes dataset. In particular, it significantly out-
performs SOTA methods in the aMOTP metric, which reflects the accuracy of the bounding
box. We believe that the smoother, which integrates detections across a window temporal
window, is a major contributor for this. The same method can be used either in an online
or forward-peeking variation; this allows offline use cases, such as auto ground-truthing, to
take advantage of the increased performance in forward-peeking mode.

5 Conclusion

Neural networks have revolutionized the field of multi-object tracking, providing powerful
tools for robust and accurate tracking in complex scenarios. We present a novel two-staged
approach to multiple object tracking in the LIDAR domain, utilizing Deformable DETR-
based architectures, which uses existing off-the-shelf object detectors. Our tracker outper-
forms current state-of-the-art LIDAR-based MOTs by 0.9 pp aMOTA and 10.5 pp aMOTP
on nuScenes validation sets. without extensive manual parameter tuning or post-processing
of the obtained tracks. This shows that the integration of transformers allows for the effec-
tive modelling of temporal dependencies. Our extensive evaluation demonstrates that this
approach outperforms state-of-the-art methods in both accuracy and precision.
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