
Center-based 3D Object Detection and Tracking — Supplementary Materials
A. Tracking algorithm

Algorithm 1: Center-based Tracking

Input :T (t−1) = {(p,v, c,q, id, a)(t−1)j }Mj=1:
Tracked objects in the previous frame, with
center p, ground plane velocity v, category
label c, other bounding box attributes q,
tracking id id, and inactive age a (active
tracks will have a = 0).
D̂(t) = {(p̂, v̂, ĉ, q̂)(t)i }Ni=1: Detections in

the current frame in descending confidence.
Output : T (t) = {(p,v, c,q, id, a)Kj=1}: Tracked

Objects.
1 Hyper parameters: Matching distance threshold τ ;

Max inactive age A.
2 Initialization: Tracks T (t), and matches S are

initialized as empty sets.
3 T (t) ← ∅, S ← ∅
4 F ← Cost(D̂(t), T (t−1)) //

Fij = ||p̂(t)
i − v̂,p

(t−1)
j ||2

5 for i← 1 to N do
6 j ← argminj /∈S Fij

7 // Class-wise distance threshold τc
8 if Fij ≤ τc then
9 // Associate with tracked object

10 a
(t)
i ← 0

11 T (t) ← T (t) ∪ {(D̂(t)
i , id

(t−1)
j , a

(t)
i )}

12 S ← S ∪ {j} // Mark track j as matched
13 end
14 else
15 // Initialize a new track
16 a

(t)
i ← 0

17 T (t) ← T (t) ∪ {(D̂(t)
i , newID, a

(t)
i )}

18 end
19 end
20 for j ← 1 to M do
21 if j /∈ S then
22 // Unmatched tracks
23 if T.a(t−1)j < A then
24 T.a

(t)
j ← T.a

(t−1)
j + 1

25 T.p
(t)
j ← T.p

(t−1)
j + T.v

(t−1)
j // Update

the center location
26 T (t) ← T (t) ∪ {T (t−1)

j }
27 end
28 end
29 end
30 Return T (t)

B. Implementation Details

Our implementation is based on the open-sourced code
of CBGS [14]1. CBGS provides implementations of Point-
Pillars [6] and VoxelNet [13] on nuScenes. For Waymo
experiments, we use the same architecture for VoxelNet and
increases the output stride to 1 for PointPillars [6] following
the dataset’s reference implementation2.

A common practice [1, 9, 11, 14] in nuScenes is to trans-
form and merge the Lidar points of non-annotated frames
into its following annotated frame. This produces a denser
point-cloud and enables a more reasonable velocity estima-
tion. We follow this practice in all nuScenes experiments.

For data augmentation, we use random flipping along
both X and Y axis, and global scaling with a random fac-
tor from [0.95, 1.05]. We use a random global rotation be-
tween [−π/8, π/8] for nuScenes [14] and [−π/4, π/4] for
Waymo [8]. We also use the ground-truth sampling [10] on
nuScenes to deal with the long tail class distribution, which
copies and pastes points inside an annotated box from one
frame to another frame.

For nuScenes dataset, we follow CBGS [14] to optimize
the model using AdamW [7] optimizer with one-cycle learn-
ing rate policy [4], with max learning rate 1e-3, weight decay
0.01, and momentum 0.85 to 0.95. We train the models with
batch size 16 for 20 epochs on 4 V100 GPUs.

We use the same training schedule for Waymo models
except a learning rate 3e-3, and we train the model for 30
epochs following PV-RCNN [8]. To save computation on
large scale Waymo dataset, we finetune the model for 6
epochs with second stage refinement modules for various
ablation studies. All ablation experiments are conducted in
this same setting.

For the nuScenes test set submission, we use a input grid
size of 0.075m× 0.075m and add two separate deformable
convolution layers [3] in the detection head to learn different
features for classification and regression. This improves
CenterPoint-Voxel’s performance from 64.8 NDS to 65.4
NDS on nuScenes validation. For the nuScenes tracking
benchmark, we submit our best CenterPoint-Voxel model
with flip testing, which yields a result of 66.5 AMOTA on
nuScenes validation.

C. nuScenes Performance across classes

We show per-class comparisons with state-of-the-art
methods in Table 1.

1https://github.com/poodarchu/Det3D
2https : / / github . com / tensorflow / lingvo / tree /

master/lingvo/tasks/car

https://github.com/poodarchu/Det3D
https://github.com/tensorflow/lingvo/tree/master/lingvo/tasks/car
https://github.com/tensorflow/lingvo/tree/master/lingvo/tasks/car


Method mAP NDS Car Truck Bus Trailer CV Ped Motor Bicycle TC Barrier

WYSIWYG [5] 35.0 41.9 79.1 30.4 46.6 40.1 7.1 65.0 18.2 0.1 28.8 34.7
PointPillars [6] 30.5 45.3 68.4 23.0 28.2 23.4 4.1 59.7 27.4 1.1 30.8 38.9
PointPainting [9] 46.4 58.1 77.9 35.8 36.2 37.3 15.8 73.3 41.5 24.1 62.4 60.2
CVCNet [2] 55.3 64.4 82.7 46.1 46.6 49.4 22.6 79.8 59.1 31.4 65.6 69.6
PMPNet [12] 45.4 53.1 79.7 33.6 47.1 43.1 18.1 76.5 40.7 7.9 58.8 48.8
SSN [15] 46.4 58.1 80.7 37.5 39.9 43.9 14.6 72.3 43.7 20.1 54.2 56.3
CBGS [14] 52.8 63.3 81.1 48.5 54.9 42.9 10.5 80.1 51.5 22.3 70.9 65.7
Ours 58.0 65.5 84.6 51.0 60.2 53.2 17.5 83.4 53.7 28.7 76.7 70.9

Table 1: State-of-the-art comparisons for 3D detection on nuScenes test set. We show the NDS, mAP, and mAP for each class.
Abbreviations: construction vehicle (CV), pedestrian (Ped), motorcycle (Motor), and traffic cone (TC).

Method mAP NDS

Baseline 57.1 65.4
+ PointPainting [9] 62.7 68.0
+ Flip Test 64.9 69.4
+ Rotation 66.2 70.3
+ Ensemble 67.7 71.4
+ Filter Empty 68.2 71.7

Table 2: Ablation studies for 3D detection on nuScenes
validation.

D. nuScenes Detection Challenge
As a general framework, CenterPoint is complementary

to contemporary methods and was used by three of the top 4
entries in the NeurIPS 2020 nuScenes detection challenge.
In this section, we describe the details of our winning submis-
sion which significantly improved 2019 challenge winner
CBGS [14] by 14.3 mAP and 8.1 NDS. We report some
improved results in Table 2. We use PointPainting [9] to
annotate each lidar point with image-based instance segmen-
tation results generated by a Cascade RCNN model trained
on nuImages3. This improves the NDS from 65.4 to 68.0.
We then perform two test-time augmentations including dou-
ble flip testing and point-cloud rotation around the yaw axis.
Specifically, we use [0°, ± 6.25°, ± 12.5°, ± 25°] for yaw
rotations. Theses test time augmentations improve the NDS
from 68.0 to 70.3. In the end, we ensemble five models with
input grid size between [0.05m, 0.05m] to [0.15m, 0.15m]
and filter out predictions with zero number of points, which
yields our best results on nuScenes validation, with 68.2
mAP and 71.7 NDS.

E. Experiments of Training Hyperparmeters
We have investigated the influence of different hyperpa-

rameters on nuScenes validation. We tried different hyper-
parameters on CenterPoint-Pillars and we list some results

3acquired from https : / / github . com / open - mmlab /
mmdetection3d/tree/master/configs/nuimages

here. The flip-augmentations along both axis improves single
X-asis flipping by 2.4mAP. Log normalization of the regres-
sion targets give the same performance as no normalization.
And the cosine-sine rotation representation performs simi-
larly with directional classifier approaches used in [8, 10].
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