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2. Objectives (I)

@ Pedestrian detection system in point
clouds using Deep Neural Networks

PointNet++




Centre for Sensors, Insti un
Systems Development

UNIVERSITAT POLITECV

Shaping light to y.

¥ 7~
AN
P Y40
% . -
o~ ) "' L :

2. Objectives (I)

@ Pedestrian detection system in point
clouds using Deep Neural Networks

PointNet++

[ How do we train the network? &T—l
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> Labeled pedestrian and ] « Manual Iabeij&g
- ian 3D point cl % C‘
non-pedestrian 3D point clouds :{ |\ i!’l
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2. Objectives (I)

@ Pedestrian detection system in point
clouds using Deep Neural Networks

PointNet++

<

> Labeled pedestrian and )
non-pedestrian 3D point clouds
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@ Pedestrian detection system in |
point clouds using PointNet++
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] System to generate a dataset
_with ground truth in point clouds;

and non-pedestrian
3D point clouds

Labeled pedestrian}
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2. Objectives (ll)

@ Pedestrian detection system in |
point clouds using PointNet++

Labeled pedestrian
and non-pedestrian
3D point clouds

\.

] System to generate a dataset
_with ground truth in point clouds;

Detect pedestrians and Transfer labels from
non-pedestrians in RGB images onto 3D
RGB images point clouds
V —
V ——
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3.1. Pedestrian Detection in RGB Ima
YOLO: You Only Look Once
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3.1. Pedestrian Detection in RGB Ima
YOLO: You Only Look Once

Manual Labeling>
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3.1. Pedestrian Detection in RGB Images (lll)
YOLO: You Only Look Once 4 =N

Evaluation I
Area of Overlap

loU =

Area of Union .

A\ PRECISION
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Manual Labeling>

(‘True Positive )
> False Negative

False Positive
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3.1, Pedestrian Detection in RGB Images (1)

YOLO: You Only Look Once
y (Evaluation
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11.5 % Pedestrians Q Similar size and
88.5 % Non-pedestrians \I/ shape statistics
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3.2. Non-Pedestrian Detection in RG

\

A Iﬁlages ()

Pedestrian bounding boxes Non-pedestrian bounding boxes

|I--pedestrians

102,130

[\ 11.5 % Pedestrians Q Similar size and
88.5 % Non-pedestrians \I/ shape statistics
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rian Detection in RGB Images (II)

Bounding box class Statistics Width | Height

Mean 95.3 266.3

Pedestrian
Std. deviation 56.9 145.6

Mean 111.1 | 302.5

Non-pedestrian
Std. deviation | 37.9 102.3

[\ 11.5 % Pedestrians ﬁa Similar size and
88.5 % Non-pedestrians \T/ shape statistics
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3.3. Labeling Transfer (1)

Detect Proiect 3D boint Transfer
pedestrians and ) P pedestrian and
. clouds onto the .
non-pedestrians RGB imaaes non-pedestrian
in RGB images g labels
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3.3. Labeling Transfer ()
> pedegt?'::ﬁts and FIOIRE G el ped-:-arsatrr‘isafr? rand

non-pedestrians SADLELS O U2 non-pedestrian
in RGB images MRS labels

We need registered and
synchronized RGB images
and 3D point clouds
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Detect )

Project 3D point
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RGB images

Transfer
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in RGB images

We need registered and
synchronized RGB images
and 3D point clouds
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LIDAR cannot capture some elements properly
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3.4. Pedestrian Detection in 3D Point Clouds ()

Labeled pedestrian and
non-pedestrian point clouds
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3.4. Pedestrian Detection in 3D Point Clouds ()
- Original: Downsampled:
Labeled pedestrian and 7063 points  Farthest Point 1024 points
non-pedestrian point clouds » Sampling

-,
- Downsampling

——p Preprocessing <

.

- Normalization ﬁl]
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3.4. Pedestrlan Detectlon in 3D Pomt Clouds (1)

- Original: Downsampled:
Labeled pedestrian and 7063 points  Earthest Point 1024 points
non-pedestrian point clouds Sampling

-,
- Downsampling

——p Preprocessing <

- Normalization u_|]|]

.

TEST

10 Scenes

——p> Dataset splitting DATASET

VALIDATION

TRAINING
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4. Previous Experiments

M INet4
PointNet++ datasets: ModelNet40 il

Charles R. Qi et al., << Pointnet++: Deep hierarchical feature learning Source CAD models | LIDAR sensor
on point sets in a metric space >>, Standford University, 2017

Points density Uniform Not uniform
# classes 40 2
Balanced dataset Yes No
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4. Previous Exp

eriments
. ModelNet40 | Our datasets
PointNet++ datasets: ModelNet40
Charles R. Qi et al., << Pointnet++: Deep hierarchical feature learning 4.1 Source CAD models | LIDAR sensor
on point sets in a metric space >>, Standford University, 2017 @ oo _____________|__________A\___________ i
Eoints density Uniform Not uniform
Lﬂ # classes 40 2
.y Balanced dataset Yes No
Aj’?ﬁ?’_ I\l e_tf? _________ Our datasets
(4. Previous Experiments\l Q A A

5. Experiments
and Results

(

|
Reliable baseline |—p- [

|

\

|

PointNet++ >§
\

\_
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4.1. ModelNet40: Differént Preprocessing

Original PointNet authors preprocessing Our own preprocessing

Less interpretability

—— Modelnet40 - Original

2.254
Modelnet40 - Our own preprocessing

N
o
S)

Experiment Accuracy | Average class accuracy

=

~

w
L

Original 88.9 86.6

B

%

=}
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Our own preprocessing 74.1 62.6 '
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4.2. ModelNet40: Binary Classification

Original Binary - Imbalanced
3540 classes I 2 classes Precision | Recall
5°% Balanced dataset 5@ Imbalanced dataset 98.0 96.4
—— Modelnet40 - Original
M i s
Experiment Accuracy | Average class accuracy
8] Original 88.9 86.6
g4 Our own preprocessing 74.1 62.6
] Binary 99.4 98.1
0.0 | wa

Epoch
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9. Experiments and Results
Our datasets
Our datasets
Source LIDAR sensor
Pedestrian clusters Non-pedestrian clusters Points density Not uniform
# classes 2
Balanced dataset No

4 )

Aj’?ﬁ?’_ I\l e_tf? _________ Our datasets
:’ 4. Previous Experiments\} Q l,/ ________________ N
! ' : , I | 5. Experiments |
. |

PointNet++ >i ’—erehabIe baseline —>i [ and Results i
\\ ___________________ Vv = \\ ____________ 4

X=

X =

\_ o
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5.1. Batch size vs. number of point clouds
Our datasets ModelNet40 | Our datasets
Number of point clouds 12,308 i 87,536
Experiment Precision Recall

Batch size: 32 96.6 32.5

Batch size: 64 95.4 29.9

Batch size: 128 78.0 31.9

Less training clusters 93.2 31.9




Centre for Sensors, | I'lll

Systems Developme
UNIVERSITAT POLITECNI

Shaping light to

) ‘ .‘;‘ ’

5.1. Batch

size vs. number of point clouds

Our datasets ModelNet40 | Our datasets
Number of point clouds 12,308 i 87,536
Baseline % Experiment Precision Recall
Batch size: 32 96.6 32.5
________ Batchsize:64 | 954 | 209 |
| Batchsize:i28 | 780 | 319
_____ less training clusters | 932 | 319
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5.1. Batch size vs. number of point clouds
Our datasets ModelNet40 | Our datasets
Number of point clouds 12,308 i 87,536
Baseline % Experiment Precision "&'] Recall ﬂ
Batch size: 32 96.6 @J 32.5 ®‘
Batch size: 64 954 29.9
Batch size: 128 78.0 31.9
Less training clusters 93.2 31.9
[ ]
YOLO 99.8 77.9




Data augmentation |

Modelnet40: Chair

Our datasets: Pedestrian

ROTATION
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5.2. Without da

Our datasets

ta augmentation (ll)

Experiment Precision Recall
S| Betehsmez2 | s | 25
Batch size: 64 95.4 29.9
. Batchsize:128 | 780 | 319 |
_____ less training clusters | 932 | 319
« | Without data augmentation | 994 T | 986 1T |
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2.2. Without data augmentation (ll)

Our datasets

Experiment Precision Recall
Batch size: 32 96.6 32.5
________ Batchsize:64 | 954 | 209 |
| Batchsize:i28 | 780 | 319
Baseﬁne-—*—-___________________ S w2 319 ]
Without data augmentation

°
i YOLO 99.8 77.9
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5.3. Non-pedestrians with less overlap
v *
Our datasets 1
Non-pedestrian overlap ~70% | ~20%
|
Experiment Precision Recall

Batch size: 32 96.6 32.5

Batch size: 64 954 29.9

Batch size: 128 78.0 31.9

Less training clusters 93.2 31.9

% Without data augmentation 99.1 98.6

. Non-pedestrians with less 97 1 \l/ 97.7 \l/
overlap
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5.4. Multi Scale Grouping (MSG) Model
Our datasets % )

PointNet++ architecture

Single Scale Grouping | Multi Scale Grouping
|

Experiment Precision Recall

Batch size: 32 96.6 32.5
________ Batchsize:64 | 954 | 209 |
| Batchsize:i28 | 780 | 319
_____ less training clusters | 932 | 319
| Without data augmentation | 994 | 986 |
| Non-pedestrians withless | ... | N

overlap

_________ MSGmodel | 94T | 25 |
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5.5. Batch Size: 32 + Without data augmentation

Our datasets

Experiment Precision Recall

Batch size: 32 96.6 32.5

Non-pedestrians with less
overlap

MSG Model 99.4 92.5
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6. Conclusions

@ Pedestrian detection system in point
clouds using Deep Neural Networks
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6. Conclusions

@ Pedestrian detection system in point
clouds using Deep Neural Networks

[ﬁlPointNetH can help YOLO%'}]

Precision | Recall
YOLO a| 99.8 77.9
PointNet++ 99.1 98.6




Shaping light to youreeds

W

6. Conclusions

@ Pedestrian detection system in point
clouds using Deep Neural Networks

Precision | Recall

[,Eb,PointNet++ can help YOLO® ——iofg—gigf—-i@—

PointNet++ 99.1 98.6

| = ]

System to generate a dataset
with ground truth in point cIoudsJ
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6. Conclusions

@ Pedestrian detection system in point
clouds using Deep Neural Networks

Precision | Recall

[,Eb,PointNet++ can help YOLO® ——iofg—gigf—-i@—

PointNet++ 99.1 98.6

| = ]

System to generate a dataset
with ground truth in point cIoudsJ

E”LIDAR sensors — safety, reliability?
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7. Contributions

Pedestrian detection in RGB images with YOLO
YOLO evaluation

Non-pedestrian detection in RGB images

Labeling transfer onto 3D point clouds
Preprocessing and data splitting in 3D point clouds

Pedestrian detection in 3D point clouds with PointNet++
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8. Future Work

Scanning strategy to detect pedestrians in point clouds
Real-time implementation

PointNet++ parameters optimization

\ JSNE R

Strategy to combine point clouds with RGB images
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Scene # bon-I:es detYe?:It_igns TP FP FN Precision Recall

1 104 96 96 0 8 100 92.3
2 | wr | 5 | e | o | 22 | w0 | sz |
s | 27 | o1 | 100 | o | 2 | 100 | 705 |
. | 68 | - 4 | 10 | o | 28 | 100 | ss3 |
s | 22 | % | e | o | 2 | w0 | 787 |
s | me | 0o | 108 | 1 | 10 | e | et5 |
| 0 | us | s | o | 4 | 100 | 763 |
s | 23 | - w0 | w0 | o | s | 100 | 751 |
e | 84 | - 46 | 15 | 1 | s | ee3 | 788 |
0 | w1 | 3 | e | o | e | 100 | 481 |
Total 1474 1151 1149 2 325 99.8 77.9
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Non-pedestrian bounding boxes with more overlap Non-pedestrian bounding boxes with less overlap
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Farthest Point Sampling
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Dataset splitting Clusters
Dataset Pedestrians | Non-Pedestrians Total
Training 6,932 60,388 67,320
. Validaton | 1733 | 15098 | 16831 |
st | a5 | so0e0 | 3385 |
Total 9,010 78,526 87,536
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Dur datasets

Model Loss Accuracy
0.05 A . . 1.00 1
: —— Without data augmentation e
——— Less non-pedestrian overlap
—— MSG model 0.99 -
0.04 -
0.98 -
2 >
G 0.03 1 © 0.97 -
o 3
5 9
= < 0.96 -
0.02 ~
0.95 A
0.01 1 —— Without data augmentation
0.94 - —— Less non-pedestrian overlap
—— MSG model
0 50 100 150 200 250 0 50 100 150 200 250

Epoch Epoch
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Precision Recall
1.00 A 1.00
0.98 A
0.98 -
0.96 -
0.96 A
0.94
c
S T
2 0.92 G
@
v o
a
0.90 - 0.92 A
0.88 A 0.90 |
—— Without data augmentation —— Without data augmentation
0.86 1 —— Less non-pedestrian overlap —— Less non-pedestrian overlap
—— MSG model oy —— MSG model
0.84 T T T T T T T T T T T T
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