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Overview

*

ADAS & ROS Study

ROS + Gazebo: Basic Simulation of
Robotic Arm

VLP 16: Data acquisition & processing
PCL Library: Analyzing, processing,
mapping indoor and outdoor
environments

Lidar Dataset: Generation of a person
dataset

Clustering

Kd-Tree

RANSAC Scratch Implementation



ADAS & ROS Study
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COI‘IC| usion other existing solutions. The key takeaway of this research
e i i i? : :°: > paper is that open-source simulation platforms are reliable

Anautonomous vehicle algorithm was successfully developed. enough in order to test low-cost, simple, and user-friendly
It utilized and combined different features, such as data collec- solutions from research groups that do not have access to
tion from multiple sensors, information processing through expensive, state-of-the-art hardware or software.

computer vision and machine learning, and autonomous
control via waypoint navigation and a PID feedback controller.
The vehicle is also able to stop for obstacles, such as stop signs,
other cars and pedestrians. Overall, it can achieve high veloci-

Physical Data collection = slower and time consuming, expensive

ties without losing control or producing excessive jerky move- 1. Waymo = 20 million miles driven since 2009
ments. Based on this, we believe that this algorithm would 2. Cruise = 0.5 million miles driven
be a viable solution to trial in a physical vehicle.




ROS2 & Gazebo Revise

Understanding ros concepts:
Services
Actions

Various Industrial Gripper and Gripper Interfacing
Commands



ROS2 & Gazebo Revise

Simulation of Doosan Robotic Arm without Gripper in
Gazebo wprld




Carla Installation

CarlaUE4 D 0 &

./CarlaUE4.sh -prefernvidia



Robotic Arm & Motion Planning (moveit2)

Robots like vl ;
1. ABB Robot — : Cranfield
2. Universal Robot University
3. FANUC
4. KUKA
5. Panda

Features

ros2_grasping
ros2_execution
ros2_data
ros2_actions

> WN -




Motion Planning of Industrial Robotic Arms

Activities ™ X-terminal-emulator Dec24 541PM 0:59m * & 94 E54%

/home/aarjan/ws_moveit2/install/moveit2_tutorials/share/moveit2_tutorials/launch/panda_mo... o x aarjan@aarjan: ~/ws_moveit2 - o x
File Panels Help

'ws_moveit2 86x21

™interact #*Move Camera select Focus Camera Measure 2D Pose Estimate 2D Goal Pose

> RvizVisualToolsGui ° fon i tors

SRon i tors

‘:‘ rOSZ h U m b I e Planning

< ubuntu 22.04

< moveit2

Continue Break

03369243]
603403210]

n the RvizVis

eControl Ready.
g to continue: Pres

2_control]: ... continuing
: MoveGroup action client/server

Planning request complete!

interface]: Planning reque accepted
!

e]: time taken to generate plan: 0.0

3641] [hell
sualToolsGui window to execute

)_moveit.remote 1t

Waiting to continue: Pres

Reset ' Left-Click: Rotate. Middle-Click: Move X/Y. Right-Click/Mouse Wheel: Zoom. Shift: More options. 31 fps




Motion Planning of Industrial Robotic Arms

Activities  ® rviz2 Dec24 5:41PM 1068 ¥
/home/aarjan/ws_moveit2/install/moveit2_tutorials/share/moveit2_tutorials/launch/panda_mo... - © x aarjan@aarjan: ~/ws_moveit2

File Panels Help aarjan@aarjan: ~/ws_moveit2 86x21

yinteract “¥Move Camera [iselect Focus Camera ==Measure 2D Pose Estimate 2D Goal Pose

> RvizVisualToolsGui o

% ros2 humble

Executing

< ubuntu 22.04

< moveit2

aarjan@aarjan: ~/ws_moveit2 86x21
Next Continue Break

Reset | Left-Click: Rotate. Middle-Click: Move X/Y. Right-Click/Mouse Wheel: Zoom. Shift: More options. 31 fps




Pick & Place ABB Robot

[ - o x _ws XX Gazebo o ox
File Edit Camera View Window Help 3arjan@aarjan: ~/ROS-ADAS-FPGA-AarjanBudhatholki/dev_ws 86x5 File Edit Camera View Window Help

3 aarjan@aarjan: ~/ROS-ADAS-FPGA-AarjanBudhatholki/dev_ws 86x6

0 i i i J /_Ws 86x30 /_Ws 86X30
Ju\n( speed -> 1.0

A1l checks complete! [[NFU] [1735273284. 7‘7241404” [Movel_client]: Goal accepted

cubePP file found! Executing pr

sult of Movel ACTION CALL is -> { MoveL:SUCCESS

[INFO] [1735273279.420477976] [noqe L0G]: SUCCESS: cubepp file (program) found Hovel ACTION in step number -> 3 successfully executed.

[INFO] [1735273280.427362501] [node_LOG]: cubePP: Number of steps -

STEP NUMBER 4 -> ATTACH OBJECT
{'object': 'box', 'endeffector': 'EE_egp6d'}
Object ATTACHED successfully.

STEP NUMBER 1 -> Hovel:
'jo joint2': 0.0, 'joint3': 0.0, 'jointd': 0.0, 'joints

: 0.0, 'joints
o

Joint speed -> 1.

[INFO] [1735273281.434686212] [Move)_client]: Goal accepted :)

Movel ACTION CALL finished.

Result of Movel ACTION CALL is -> { Mo UCCESS }
Hoved ACTION in step number -5 1 succesefully executed.

STEP NUMBER 5 -> GripperClose (MoveG)

[INFO] [1735273286.155548340] [MoveG_client]: Goal accepted :
MoveG ACTION CALL finished

Result of MoveG ACTION CALL is -> { MoveG:SUCCESS }

MoveG ACTION in step number -> 5 successfully executed

STEP NUMBER 2 -> Movel STEP NUMBER 6 -> MoveL:
{'joint1': -58.1, 'joint2': 25. joint3': 27.17, 'jointa': -63.59, 'joints': -71.41 {'movex': 0.0, ‘movey : 0.0, 'movez': 0.1}

, 'jointe': 77.67} Joint speed -> 1.0

Joint speed -> 1.0 [INFO] [1735273286.336324300] [Movel_client]: Goal accepted :
[INFO] [1735273262.184528885] [Move)_client MoveL ACTION CALL finished
Movel ACTION CALL finished. Result of Movel ACTION CALL { Mo ICCESS }
Result of Movel ACTION CALL is -> { MoveJ:SUCCESS } MoveL ACTION in step number -» 6 sur(e::full/ executed
Movel ACTION in step number -> 2 su((e>srulw executed.

: Goal accepted :)

STEP NUMBER 7 -> Move)
joint1': 50.3, 'joint2': 31.26, 'joint3': 18.75, 'jointd': 57.55, 'joints': -65.78,
4\

STEP NUM > Movel.
{'movex' u.ou, ‘novey
Joint speed ->

[INFO] Lmszmm 7924140411 [Movel client]: Goal

0.0, 'movez': -6.1}

[INFO] u715273257 825023666] [Moved_client]: Goal el




VLP 16; Lidar Datasheet

| moe | Pacletsisecond

e 16 laser/detector pairs mounted in a compact housing T
™ T TR

e Lasers fire thousands of times pers second, giving 3d

. . Tahls 1. Dual Rstwn Dala Ralss
pcd in real time

Velodyne' LiDAR

e Vertical fov=30 Sersor Vil [VEETS] A% [BTRTTTES| MAC [ TSSO 550]

e 5-20 hz = rotations pers second = adjustable
VLP-16 USER INTERFACE I v ] Diagnonticd

e Range: 100m

e Lidar Specifications:

o Range Precision & Accuracy

o Scan Pattern

Velodyne' LIDAR




VLP 16; Lidar Datasheet

S GPS (opbonal)
Side View
IP Address:

192.168.1.77 IP Address

192.168.1.201
QE"'&")&! !‘ .

Top View : l

9-32 VDC
R*COS(w)
R*COS(w)*SIN(ct)
R*COS(w)*COS(a)
R*SIN(w)

Figum 1. Ovenview of ths LDAR VLP-16 3D Imaging Syslam

Figum 8 Spherical o XYZ Conversion



VLP 16: Data Format

_ ag xFFEE

Channels
2-3Data

Channels.
2+3Data

Figure 9a. Data Packet




VLP 16; Data Visual

Activities W rviz2

File Panels Help
)interact Move Camera

I Displays

~ @ Global Options
Fixed Frame
Background Color
Frame Rate

PointCloud2

» v Status: Ok

» Topic
Selectable
Style
Size (m)
Alpha
Decay Time
Position Transformer
Color Transformer
Channel Name
Use rainbow
Invert Rainbow

Autocompute Intensity Bounds

» = LaserScan

Global Status: Warn

Add

© Time
ROS Time: 1736164868.36

ROS Elapsed: 44.68

é-Focus Camera == Measure # 2D Pose Estimate
(o]

velodyne
W 48; 48; 48
30

v
v
v

/velodyne_points
v

Squares

0.01

1

0

XYZ

Intensity
intensity

v

v

Wall Time: 1736164868.39

Jan 6 5:46 PM

RViz*

2D GoalPose @ Publish Point

Wall Elapsed: 44.68

Reset | Left-Click: Rotate. Middle-Click: Move X/Y. Right-Click/Mouse Wheel: Zoom. Shift: More options.

ANPRRE AR

1zation in RVIZ

2

8¢ s@100%

[
Experimental
31 fps




Activities 4 Test_PacketDecoder Jan31 3:25PM ‘ocl0m F & 2 4 024%
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PCL Library

Followed tutorial of pcl library official website:

Matrix Transform

PassThrough Filter

Voxel Grid Filter

Statistical Outlier Removal

Read/Write point cloud data from/to .pcd files
Understanding of .pcd and .bin file formats.
HDL Grabber

Plane Model Segmentation

Euclidean Cluster Extraction




KiTTi Dataset

Welcome to the KITTI Vision Benchmark Suite!

We take advantage of our autonomous driving_platform Annieway to develop novel challenging
real-world computer vision benchmarks. Our tasks of interest are: stereo, optical flow, visual
odometry, 3D object detection and 3D tracking. For this purpose, we equipped a standard station :
wagon with two high-resolution color and grayscale video cameras. Accurate ground truth is U, ;" ... 0000.txt
provided by a Velodyne laser scanner and a GPS localization system. Our datsets are captured by ¢ - =i image_2
driving around the mid-size city of Karlsruhe, in rural areas and on highways. Up to 15 cars and 30 o

pedestrians are visible per image. Besides providing all data in raw format, we extract benchmarks y A — = 0000.png
for each task. For each of our benchmarks, we also provide an evaluation metric and this 7 label_2
evaluation website. Preliminary experiments show that methods ranking high on established | ... 0000.txt
benchmarks such as Middlebury perform below average when being moved outside the laboratory . . : velodyne

to the real world. Our goal is to reduce this bias and complement existing benchmarks by providing ) i 0000.bin
real-world benchmarks with novel difficulties to the community. £

> kitti_format

3607 Velodyy

Stereo Camera Rig : PS 7 calib

te_drive/
}—— date drive.zip
image 0x/ x={0,..,3}
data/
frame_number.png
timestamps.txt
oxts/
data/
frame_number. txt
dataformat.txt
timestamps.txt
velodyne_points/
data/

L frame_number.bin
timestamps.txt
timestamps_start.txt
timestamps_end.txt

) date_drive_tracklets.zip
tracklet_labels.xml

b date_calib.zip
calib_cam_to_cam.txt

N & calib_imu_to_velo.txt

l\ ‘n = ey calib_velo_to_cam.txt




Lidar & Camera Frame Synchronization

LIDAR Rotational Speed and Data Packets

300 rpm 19sec 14318 packets packets/second 753.57
600 rpm 11 sec 8290 packets packets/second 753.63
1200 rpm 19sec 14318 packets packets/second 753.75

Results: hence independent of rotational speed of lidar, we always get 754 packets per
second.




Create Lidar Person Dataset

Lidar Data Annotation Tools Review:

1. Label Cloud

2. BasicAi

3. Latte

4. Kitti own developed software not open source



i~ A
-5.751821200772212

oy
4.726631799261138



Raw Data  Headers

v boundihg boxes:

v 0:
w center:
-2.9580141270457387
1.6981649866766613
-0.13765254616737366
width: 0.7602598100272502
length: 0.4186926976810761
height: 1.6109680533409119
angle: 0]
object id:  “"pedestrian"




Labeled Object file

| 000000 - Notepad

File Edit Format View Help
Pedestrian 0.00 © -0.20 712.40 143.00 810.73 307.92 1.89 ©0.48 1.20 1.84 1.47 8.41 0.01

<class names> <truncation> <occlusion> <alpha> <bbox coordinates> <3D dimensions> <location>
<rotation_y> <score>



Obstacle Clustering

Read/load pcd file

Downsampling
o Voxel downsampling

Segmentation(Road and other obstacles segmentation)
o RANSAC/MSAC

Clustering
o Euclidean clustering



Clustering Algorithm Review

Ground Removal using M-SAC

® C|USterIng L| DAR Data W|th K—meanS Betore the application of the clustering algo-
. rithms, it was necessary to pre-process the data to re-
and DBSCAN. paper review move the ground. This is an important step because
firstly, the goal is not detecting the ground plane, and
'e) D BSCAN |S prefe ra ble for secondly, the ground points connect separate objects,
such as cars and pedestrians, so it can affect the clus-
Segmentlng L|DAR data due to tering process. By removing the ground plane, there
will be fewer points to allocate, resulting in better-
i HH H separated objects. Consequently, it becomes easier to
|tS abl l Ity to hand le arbltra ry identify obstacles and visualize clusters.
The method used for ground extraction was the
CIUSter Shapes M-estimator SAmple Consensus (MSAC) algorithm
. which is a variant of the RANdom SAmple Consen-
o OPT|CS CIUSterIng sus (RANSAC) algorithm (Azam et al., 2018). The
. . objective is to fit a plane to the point cloud data that
O H |gh Computatlon not gOOd will contain the ground points denominated as inlier
. . points. The outliers are the points that do not belong
® EUCI | dean Cl USteI’I ng PC L to the plane, thus the interest points for clustering. As

an example, Figure 3 shows the original point cloud
data for scenario 1 (top) and the points remaining af-
ter the ground removal process (bottom), indicating
that the ground removal procedure was successful.




Density Based Spatial Clustering DBSCAN

e Groups points based on density,
allowing clusters of arbitrary shapes.
e Requires tuning parameters
o € (radius)
o m (minimum points per cluster).
e Can effectively identify outliers as
noise.




RANSAC Algorithm

RANSAC is a resampling technique that generates candidate solutions by using
the minimum number observations (data points) required to estimate the underlying

e Start with the input data {nodol' parall‘mtgrs. ,,AS poinﬁted ‘out by Fischlmj and ?oll(is‘.[l]. unl?ke (.:onvenvri(‘n?al
sampling techniques that use as much of the data as possible to obtain an initial
°® Pick random samples solution and then proceed to prune outliers, RANSAC uses the smallest set possible
) . ) and proceeds to enlarge this set with consistent data points [1].
- Fit a mathematical model (Ilne' The basic algorithm is summarized as follows:
curve, 3d Shape' ) Algorithm 1 RANSAC
L Compute a cost by CheCking 1: Select randomly the minimum number of points required to determine the model
. parameters.
how many pOIntS fit the model 2: Solve for the parameters of the model.
° Repeat until you found the 3: Determine how many points from the set of all points fit with a predefined toler-
ance e.
model with the lowest cost 4: If the fraction of the number of inliers over the total number points in the set
exceeds a predefined threshold 7, re-estimate the model parameters using all the
identified inliers and terminate.
Parameters: 5: Otherwise, repeat steps 1 through 4 (maximum of N times).

Estimator, min_samples,
maxlterations, stop_score, Loss



RANSAC PseudoCode

Step 1 :: Select a random set of points(3 points for a forming a plane)

R(x3, y3, z3)
Q(x2, y2, z2) |

T P(x1, y1, z1)

Plane Equation in Cartesian form
ax + by +cz+d =0

Step 2 :: Calculate the parameters required for the plane equation.

Plane Equation in Cartesian form
ax+by+cz+d=0

[f 3 points are provided, then the constants a, b, c, and d can be derived
using the following formulas :

[(y2 = y1 )za = z1) = (22 = z1)(W3 — ¥2)]
[(z2 = 21 )(x3 = x1) = (x2 = %1 )(z3 = 22)]
[(2 = x1)y3 = y1) = (2 = y1)(x3 — x2)]

—(ax + by +c2)

Step 3 :: Calculate the deviation of all the points in the point cloud from the
plane using a distance estimate.

(X4, Ya, Z4)
axy + byy + cz4 +d

Va2 + b2 + c?

Distance =

ax +by+cz+d=0

Step 4 :: If the distance is within the THRESHOLD then add the point as an
inlier.

Step 5 :: Store the plane points and points having the maximum number of
inliers.

Step6:: Repeat the process again for MAX_ITERATIONS

After the RANSAC processing is complete, the plane having the maximum
number of inliers is the best estimate of the ground plane. Any points cluster
above this ground plane can be classified as an object, obstacle or traffic
signs.




1804.8 FPS

Ransac f

Use ransac algorithm(header file in .cpp) to
get the inliers and outliers points from the 2d
line

or 2D lines

Initialize viewer

ackground color, camera position, scaling

coordinate system

Create synthetic 2D point cloud(with
height=0) of type
pel::PointCloud<pcl::PointXYZ>::Ptr

Synthetic point cloud data contains some

different colors.
/linliers as green and outliers as red

Visualize the inliers and outliers points with |

Call Ransac function with params as:
cloud, maxlterations, distanceTol

Iterate for maxliterations

Pick 2 random datas.
random picking of 2 index from inside the
cloud->points.size()

A S

Using the index find the x1,y1 and x2,y2 as 2 point
coordinates

Using 2 point formula, fit the line and
find the equation of that line
find coefficients as a,b,c

a=yly2
b = x2-x1
¢ =Xx1"y2-x2y1

Find the distance for other point coorindates.
distance(other_point_coordinates, line)

|
- %

‘ d = fabs({a*x3 + b’y3 + ¢) / sqrt(a*a + b’b) ‘

If d <= distanceTol
store this index as inliers

If inliers.size() > inliersResult.size()
inliersResult = inliers










depth 0 ;[\\7&\)\)

depth1 ——> W v] [x v]

5 [x v] [x v] [x, v] [x yl [yl [x, vl [ vl [x, V],,

[54] [2,6] [133] [87] ([3,1] [10,2]

Optimized data structure for storing the
points of the point cloud data(pcd) fo
easy search and retrieval




Fast Search using Kd-Tree




Continued



Kd-Tree Points Insertion

insertHelper(node, depth, point, id)

Create new Node
(point, id) --> [End]

current_depth = depth%3

Compare x value of current_node and
current point’s x

Insert into Left ompare point{cd] wit Insert into Right
Subtree node->point[cd] Subtree




Radius Search in KdTree

search(point, radius)

searchHelper(point, node, depth, radius, list_of_ids)

target[cd] - distanceTol
nodefcd]

Check if node is within
distanceTol

searchHelper(point, node, depth, radius, list_of_ids)

f target[cd] + distanceTol >
nodefcd]

f distance < distanceTol

searchHelper(point, node, depth, radius, list_of_ids)




Kd-Tree Implementation

For floating points x, y, z

Output

Test Seart

()

N

~J

()

- )
= "L
Pt

N

i=20; 1< points.size
tree->insert(points[i], 1

r:cout << "Test Sea <<

DONNNN BN W

N Ao =
@

id+

::endl;

> nearby = tree->search

index : nearby
:Cout << 1ndex <<

::cout << ::endl:

~~ O N &

.0,
.0,

0

.0

.0,
.0,
.0,
.0,

5.0,

~ &

~N B A0SR WW S

D @

D C

OO OO OO OO © D C



Kd-Tree Implementation

&point : inputCloud->points

tree.insert{point, i++);

randomIdx;
::PointXYZI searchPoint;
radius = 0.2;

Load pcd file format in std::vector<int> pointIdxRadiusSearch;
std::vector< > C;
pcl::PointCloud<pcl::PointXYZI>::Ptr cloud

i=0; 1<35; i+

randomIdx = rand % inputCloud->points.size();
searchPoint = inputCloud->points|randomIdx];
std::cout << "index << randomIdx << std::endl;

SeleCt any 1 random point from the ClOUd pointIdxRadiusSearch = tree.search(searchPoint, radius);

visualizeKdTreeSearch{inputCloud, searchPoint, pointIdxRadiusSearch);
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Continued



P16 Lidar
M Lidar Data
I 1 = @ Acquisition
O lu u. ]

Voxel To reduce point clouds for less
O s (ol computational complexity and time

v
g ROI: z_min to z_max
GG ILE reduce processing points to be processed by
depth z RANSAC for faster segmentation

RANSAC To distinguish between road and obstacles.
Segmentation Obstacles may be pedestrian, bus, cyclist,
cars.etc.

Segmented Output

DBSCAN Clustering

|Clusters

l

Create Bounding Boxes
over the clusters




Density-based Spatial Clustering of
Applications with Noise

Data clustering algorithm proposed in 1996.

o
‘ MinPts =5

Eps: max radius of the neighborhood o

minPts: min no of points in the neighborhood of a point

e Eps=1cm

Robust to noise points away from the density core Outlier
No need to know the number of clusters. e T Outlier/noise:
Clusters of arbitrary shape can be found. notin a cluster

Core point: dense
1. CorePoint: g such that it includes minPts neighbors | P IEIERboaes
2. BorderPoint: q such that it doesn't have enough Border point: in cluster but
. . neighborhood is not dense
minPts neighbors
3. NoisePoint: cannot form a cluster with enough

minPts and cannot be reached by any core points




Density-based Spatial Clustering of
Applications with Noise: Algorithm

1. Arbitrarily select a point p
2. Retrieve all points DBSCAN: Density-Reachable and Density-Connected
density-reachable from p

wrt eps and minPts. Q Directly density-reachable:

0O A point pis directly density-reachable from a point g w.r.t.

3. IfpisacorePoint, a Eps, MinPts if MinPts = 5
. Eps=1
cluster is formed Q p belongs to Np,(q) e
4. If P is a borderPoint, no Q core point condition: |Ng, (q)| 2 MinPts
. . Q Density-reachable:
points are density o _ _
O A point pis density-reachable from a point g w.r.t. Eps,
reachable from p, then MinPts if there is a chain of points p,, ..., p,, P; =G, P, =P
DBSCAN visits the next such that p,,, is directly density-reachable from p;
. Q Density-connected:
point L . :
; ; O A point p is density-connected to a point g w.r.t. Eps,
5. Continue the process until MinPts if there is a point o such that both p and g are
all of the points have been density-reachable from o w.r.t. Eps and MinPts

processed.



DBSCAN Algorithm cpp implementation
github review

https://github.com/james-yoo/DBSCAN benchmark dataset
Artificial dataset was used to test clustering algorithm which can be obtained here. Following parameters were
used:
DBSCAN / benchmark_hepta.dat (& ST

&% james-yoo Add files via upload &=

| Code | Blame | 213 lines (213 loc) - 6.46 KB

212
-0.063274,0.027734,0.022683,1
-0.000731,0.048211,0.069198, 1
-0.060767, -0.00908, 0.053085, 1
0.013252, -0.011876,0.055324, 1
-0.054508, -0.003813,0.001738, 1 S HeB Ut inie S
0.02418,0.068275,0.033462, 1

-0.029308, 0.059849, -0.06326, 1

0w ~N OO O & W N =


https://github.com/james-yoo/DBSCAN

DBSCAN Algorithm

o
<< Start )

’ DBSCAN(eps, minPts, points)

'

This can be either core
or border point.

—){ For each point p

= p.clusterlD ==
Move to next point UNCLASSIFIED)

Identify all maximum points as
either core, border or noise | expandCluster(p, clusteriD) ‘

points. i

Find neighbors of points p with
eps (calculateBorderPoints)

No

"
mark p.clusterlD = NOISE Neighbors < mlnpyi

Y
return FAILURE

¢ Iterate through all the
Assign current clusterlD to that | points and compare
point p.clusteriD with the p to find the

l corePoint.

Y
For each neighbors q of point p
|
Y
Find neighbors of points q with
eps (calculateBorderPoints)

4
/// \\\ Check if its a core
- 2l \ point so it can grow
<~ Neighbors of g = minPts ? > again
\\ = //
Assign this new point with the
current clusterlD

v

return SUCCESS
Increment the clusterlD

~




DBSCAN: Complexity

Computational Complexity

O(n*2)

If spatial index used to store the objects
(point clouds) it is

O(nlogn)

n: number of database objects.

Complexity [edit]

DBSCAN visits each point of the database, possibly multiple times (e.g., as candidates to different clusters). For
practical considerations, however, the time complexity is mostly governed by the number of regionQuery invocations
DBSCAN executes exactly one such query for each point, and if an indexing structure is used that executes a
neighborhood query in O(log n), an overall average runtime complexity of O(n log n) is obtained (if parameter ¢ is
chosen in a meaningful way, i.e. such that on average only O(log n) points are returned). Without the use of an
accelerating index structure, or on degenerated data (e.g. all points within a distance less than €), the worst case run
time complexity remains O(n?). The (’::) - n = (n2-n)/2-sized upper triangle of the distance matrix can be materialized
to avoid distance recomputations, but this needs O(n2) memory, whereas a non-matrix based implementation of
DBSCAN only needs O(n) memory.




Apr23 1:00 PM ¥ & 9w @8%
PCD viewer CN-X-1

data_clustered_output/cluster_13.pcd, kitt_data_clustered_output/cluster_14.ped, kitti_data_clustered_output/cluster_15.pcd, kifidata_clustered_output/cluster_16.pcd, kitti_data_clustered_output/cluster_17.pcd, kitti_data_clustered_output/cluster_18.pcd,




, cluster_11.ped, cluster_12.ped, cluster_13.ped, cluster_14.ped, cluster_15.ped, cluster_16.ped, cluster_17.ped, cluster_18.ped, cluster_19.ped, cluster_I1.ped, cluster 20.ped, cluster_21

#@ ped, cluster_11.ped, cluster_12.ped, cluster_13.ped, cluster_14.ped, cluster_15.ped, cluster_16.ped, cluster_17.ped, cluster_18.ped, cluster_19.ped, cluster_1.ped, cluster_20.ped, cluster_21



Preprocess the data

Voxel Downsampling

Cut the z data of the point cloud data for ransac ground plane segmentation
Do ransac segmentation for the roi frame

Remove the inliers i.e road

Add the outliers and the remaining z data

kitti_data.pcd reduced from 123000 -> 67000-75000 points by 45-50% points reduction.
logictronix_enc.pcd reduced from 12000 points to around 10500-11000 points.



Time taken

kitti_data_filtered.pcd clustering time took 4-7 mins reduced from 10-15 mins.

logictronix_env_filtered.pcd data clustering took 6-7 sec.
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Optimized data structure for storing the
points of the point cloud data(pcd) fo
easy search and retrieval




Kd-Tree Points Insertion

insertHelper(node, depth, point, id)

Create new Node
(point, id) --> [End]

current_depth = depth%3

Compare x value of current_node and
current point’s x

Insert into Left ompare point{cd] wit Insert into Right
Subtree node->point[cd] Subtree




Radius Search in KdTree

search(point, radius)

searchHelper(point, node, depth, radius, list_of_ids)

target[cd] - distanceTol
nodefcd]

Check if node is within
distanceTol

searchHelper(point, node, depth, radius, list_of_ids)

f target[cd] + distanceTol >
nodefcd]

f distance < distanceTol

searchHelper(point, node, depth, radius, list_of_ids)
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Dbscan optimization using scratch Kd-Tree

Read the .pcd files

Convert the pcd file to std::vector<LidarPoint>
LidarPoint{

double x,y,z;

int clusterlD;

i
kitti_filtered data.pcd took 3-6 second which was 4-7 mins before.

logictronix_env_filtered_data.pcd took 1-1.3 second which was 6-7 seconds before.



Dbscan optimization using pcl Kd-Tree

Read the .pcd files
kitti_filtered_data.pcd took 450-700ms.

logictronix_env_filtered_data.pcd took 500ms.



DBSCAN Clustering performance summary

+ Without Preprocessing, No KD-Tree:
« KITTI data (~123,000 points):
e Clustering time: 12-20 minutes]
* Logictronix_env.data (~12,000 points):

« Clustering time: 8 seconds.

After Preprocessing:

« KITTIdata:

* Points reduced from 123,000 - 67,000-75,000 (~45-50% reduction).

* Logictronix_env.data:

* Points reduced from 12,000 - 10,500-11,000.

Clustering Time After Preprocessing (Still No KD-Tree):
« KITTI data (Filtered):
e Clustering time reduced to 4-7 minutes (Ffrom 10-15 minutes).
* Logictronix_env.data (filtered):

e Clustering time reduced to 6-7 seconds.

After DBSCAN Optimization with Scratch KD-Tree Implementation:

KITTI fFiltered data:

Clustering time: 3-6 seconds (was 4-7 minutes).

Logictronix_env filtered data:

Clustering time: 1-1.3 seconds (was 6-7 seconds).

After DBSCAN Optimization with PCL KD-Tree:

KITTI fFiltered data:

Clustering time: 450-700 ms.

Logictronix_env filtered data:

Clustering time: ~500 ms.



DBSCAN Clustering further optimization
steps?

1.  Parallelize the operation
a. Fordistance calculation
b.  For neighbor search operation

2.  Cluster expansion steps avoiding race condition when updating clusterID



Clustering LiDar Data with K-Means and
DBSCAN

2.2). Since the dataset is 3-dimensional, the suitable
value for m is 6. Figure 4 illustrates how to select the
appropriate €, which for scenario 1 was found to be
0.7 since that is the value where the curvature of the
graph occurs. From that point onwards, the slope of
the graph becomes very high (near vertical).

K-distance graph

6th nearest distances

Points sorted with 6th nearest distances <

Figure 4: Selection of the best value for € (0.7), with m=6
for scenario 1.

DBSCAN:
1. Suitable choice for the parameter

minPts is 2 times the dimension of the
data.
a. Since the datasetis 3
dimensional, suitable value for
m = 6.
For estimation of eps value: K
distance graph for the data is
designed where k is the parameter m.
Goal is to compute thb distance from
each point in the data to its m-th
nearest point and then plot the sorted
points in ascending order of their m-
distance value against those
distances.
Ideal value for eps will be the point of
maximum curvature.
a. Forscenario 1 eps = 0.7 found
since i.e the value where the
curvature of the graph occurs.

2.2 DBSCAN Clustering

Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) (Ester et al., 1996) is a data
clustering algorithm that given a set of points in some
space, groups together points based on a specified dis-
tance (e.g. Euclidean), that are close to each other. A
cluster only forms when a minimum number of points
(m), specified by the user, is assigned. In low-density
regions, some data points do not have a neighborhood
large enough to create a new cluster, so the algorithm
marks them as outliers. This method is helpful when-
ever the dataset has arbitrary shapes and densities, so
it can be useful for segmenting LiDAR data. The al-
gorithm has two parameters: the minimum number
of points that a cluster needs to be created (m) and a
fixed radius for the search of neighbors (€).

A suitable choice for the parameter m is 2 times
the dimension of the data (Sander et al., 1998). For
the estimation of the € value, a k-distance graph for
the data is designed where k is the parameter m (Ester
etal., 1996). The goal is to compute the distance from
each point in the data to its m-th nearest point and
then plot the sorted points in ascending order of their
m-distance value against those distances. The ideal
value for € will be the point of maximum curvature.
The process is illustrated for a test scenario in section
5.1 (Figure 4).




Figure 6: DBSCAN clusters for scenario 4.

Observing fig 5: method
efficiently forms the clusters
according to the objects
observed by the Lidar.

Obstacles very close to
each other were not always
divided into separate
groups.

dbscan grouped the parked
cars in a single cluster when
it should have separated the
cluster accordingly to the
number of parked vehicles.




Objects on the road are
more distant from the
sidewalk(such as scenario
2) the clusters were better
established.

F1

Conclusion

1. The experiment with 5 H3D test scenarios leads to the conclusion that DBSCAN
performs better when the objects in the scene are rather distant. For objects very
close to each other, DBSCAN clustered different objects into the same cluster.
The ground removal procedure proved to be an essential requirement to separate the
interest objects in all scenarios tested.

Analysis of H3D and BOSCH datasets led to the conclusion that DBSCAN and Kmeans
are more useful in urban scenarios than in highway scenes since there are moore
objects to cluster.

4. Clustering method are useful techniques for segmenting LiDar data.




Dbscan Parameters understanding &

estimation

Minimum Samples (“MinPts”)

There is no automatic way to determine the MinPts value for DBSCAN.
Ultimately, the MinPts value should be set using domain knowledge and
familiarity with the data set. From some research I've done, here are a few

rules of thumb for selecting the MinPts value:

The larger the data set, the larger the value of MinPts should be
If the data set is noisier, choose a larger value of MinPts

Generally, MinPts should be greater than or equal to the dimensionality
of the data set

For 2-dimensional data, use DBSCAN'’s default value of MinPts = 4 (Ester
et al., 1996).

If your data has more than 2 dimensions, choose MinPts = 2*dim, where

dim= the dimensions of your data set (Sander et al., 1998).




Dbscan Parameters understanding &
estimation

Epsilon
1. Calculate the avg distance between each point and its k nearest neighbors, where k =
the minPts value you selected.
2. Average k-distances are then plotted in ascending order on a K distance graph.

3. Example:
Dimension of dataset:10
So minpts = 2*10 = 20

Used NearestNeighbors from Scikit-Learn,

calculate average distance between each point and its found 20th nearest neigbors.
define n_neighbors as minPts(20).

Sort distance values by ascending value and plot.

Choose eps from crook of the elbow.




- be split into multiple clusters. If too large, multiple objects
A a t lve E S could be merged into a single cluster (see Fig‘@.

In our case, the shape of the point clouds formed by
3D LiDAR scans on the human body can vary significantly
with the distance of the person from the sensor. In particular,
due to its vertical angular resolution (@ = 2°), the vertical

_..d"tolarge _ _ distance between two consecutive points can be very large,
= A as shown in Fig.[4] We therefore adapt the threshold d* to
the actual scan range r as follows:

d” 100 small

S)

% This equation simply computes the expected vertical dis-
tance between two adjacent scan channels for some straight
vertical object.

d* = 2. 1. tan(theta/2)

For velodyne vip16 puck sensor, theta = vertical angular resolution = 2deg

Fig. 3 Point cloud of two distinct objects (red and blue). Different val-
ues of d* lead to different clustering results. 1. Objectat2.4 meters
a. d=2%"24"tan(2/2) =8.38 cm
2. Object at 11.3 meters
a. d=2"113%"tan(2/2) =39.5cm

Farther the object is the less dense the point cloud becomes. This effects distance based
clustering and detection of humans using 3D lidar.

In fig 3:
24m 52m 81m M3m—14m—17m>» 1. dtoo large:

Fig. 4 Example of 3D LiDAR human point clouds at different dis- a. Under segmentatiop
tances. The further the person is from the sensor, the sparser is the b. Algo treats both objects as one.
relative point cloud. 2. dtoo small
a. Over segmentation
b. Now even the blue object gets broken into multiple clusters.




Adaptive Eps(d)

lg=3m

Fig. 5 Different values of d" correspond to different nested regions. In
this example, a cluster (red dot) at 9m from the sensor lies on the 4th
circular region, where the clustering threshold is dj = 0.4m.

our application, we define circular regions 2-3m wide using
Ad = 0.1m, which is a good resolution to detect potential
human clusters.




Further Flow:

1. Apply bounding boxes around clusters
2. Fusion of Lidar and USB camera data for clustering, tracking
a. Manipulation images using opencv library
b. Collision detection system based on motion models, lidar, camera measurements.
c. Feature Tracking
i. Detect features from images to track objects over time using binary descriptors
d. Projection of 3D lidar points into camera frame data
e. Using DL to detect vehicles in camera images
i.  CNN, yolo, RNN, transformer vision models(attention mechanism)
f.  Creating a 3D object from lidar and camera data
3. SFA3D like neural network, Point Pillar Models for ML based implementation to generate 3D object detection or
segmentation
HIL & SIL in ADAS with ROS
Kalman Filter
Vehicle Kinematics
Image Segmentation
a. Find contours, and edges of multiple objects in an image
b.  Background subtraction for video

N o ok



Kd-Tree Implementation in RANSAC

index = 0; index < cloud->points.size(); index++

$f (inlicrs colntlindexi=0) for [Jint idx = 0; idx < cloud->points.size(); idx++]
{
le; [ ::PointXYZI p = cloud->points[idx];
} std::vector< > nearby pointsl = tree->search(p, 0.2)
f ::PointXYZI point = cloud->points[index]; " ’
f (1 i : nearby pointsl)
)t x3, y3, distance; {
x3 = point.x; [ ::PointXYZI pt = cloud->pointsii];
y3 = point.y; f dist = fabs(A * pt.x + B * pt.y + C * pt.z + D) / norm;

; dist <= distanceTol
distance = fabs(a * x3 + b * y3 + c) / sqrt(a *a + b * b);

(distance <= distanceTol) inliers.insert(idx);

inliers.insert(index);

inliers.size() > inliersResult.size()

inliersResult = inliers;



Continued



PointCloud Reduction



Thank You!



