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MESTERSEGES INTELLIGENCIA

Mesterséges Intelligencia (Al)

Gépi tanulas (ML)

Mélytanulas (DL)
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MACHINE LEARNING VS. DEEP LEARNING
MACHINE LEARNING
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Forrds: https://www.turing.com/kb/ultimate-battle-between-deep-learning-and-machine-learning



https://www.turing.com/kb/ultimate-battle-between-deep-learning-and-machine-learning

PONTFELHO JELLEMZOK
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SAJATERTEKEKEN ALAPULO JELLEMZOK

« A pont és kdrnyezete
,R'" sugar
 Ponthalmazra
Voxel

Mayr et al. 2017.




SAJATERTEKEKEN ALAPULO JELLEMZOK

« Kovariancia mtx.
- Sajatértékek
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Mayr et al. 2017.
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KIINDULAS

« Kordbbi szegmentdalds
« Tetd vagy ndvényzet?e




ELOKESZITES

Barnag

* Manudlis cimkézés
B 7ets
- 1175660 db
O Novényzet
- 306 057 db




Planarity (0.3)

0999
0624

Siklapusag
Surface density (r=0.3)

2312.168

1982363

1652.559

1322754

3537

PontsUriség

Sphericity (0.3)
0944

N

Gombszeriség

Omnivariance (0.3)
0020

Omnivariancia



VALASZTOTT ALGORITMUSOK e O tearn

« K-Nearest Neighbors
« Random Forest Classifier

« Multi-Layer Perceptron
. Cleavirn 'nstah UserGuide APl Examples Community ore' ||so]

. . e .
S c 1 k 1 t — l e a r‘ n * Simple and efficient tools for predictive data analysis

’ i I i ® Accessible to everybody, and reusable in various contexts
Machine Learning in Pythor ® Built on NumPy, SciPy, and matplotlib

® Open source, commercially usable - BSD license

Getting Started  Release Highlights for 1.3 GitHub

Classification Regression Clustering

Identifying which category an object belongs to. Predicting a continuous-valued attribute associated Automatic grouping of similar objects into sets.
with an object.

Applications: Spam detection, image recognition. Applications: Customer segmentation, Grouping

Algorithms: Gradient boosting, nearest neighbors, Applications: Drug response, Stock prices. experiment outcomes

random forest, logistic regression, and more... Algorithms: Gradient boosting, nearest neighbors, Algorithms: k-Means, HDBSCAN, hierarchical

random forest, ridge, and more... clustering, and more...




K-NEAREST NEIGHBORS - KNN © learn

« Nincs igazi tanitds b X
« Jellemzok taroldsa -
- Uj pont o ...’ .
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Forrds: https://machinelearningknowledge.aqi

Awange et al. 2020; Bonaccorso 2018.
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RANDOM FOREST CLASSIFIER - RFC © tearn
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Awange et al. 2020; Bonaccorso 2018.




MULTI-LAYER PERCEPTRON - MLP O ltearn

« Alapja: heuron
« Aktivacios fuggveny (f,)

Tanh RelLU
tanh(z) V' max(0, z)
/ " x
"
Sigmoid Linear

o(z) = J/‘ E i
fx)=x
" -

Awange et al. 2020; Bonaccorso 2018.




MULTI-LAYER PERCEPTRON - MLP O ltearn

Input Layer Hidden Layer Ouiput Layer

« TObb réteg
- Bemeneti
- Rejfett
- Kimeneti

« Tanitds: sUlyok, eltolasok
meghatdrozdasa

« Célfuggveny (L)
minimalizalds

_1 Predicted Target 2
L= XL, (yfredicred —y, 49%)

Awange et al. 2020; Bonaccorso 2018.




MULTI-LAYER PERCEPTRON

« Célfuggvény valtozasa az egyes sulyokra
- Parcidlis derivaltak szamitasa
- Hibavisszaterjesztés (backpropagation)
« Tanulds: haldzat sulyainak valtozasa = Veletlen
gradiens csdkkentes (SGD)
- N —tanulasi sebesseg { hgcﬂ) , 4 hﬁ) _ oL

oL  OL
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learning rat oo
(learning rate) ) _ 0 e
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Bonaccorso 2018.




6SSZEHASON I.I,TAS Ncorrect pred. . eewm’

Accuracy =

Ntotal pred.
« Accuracy

True

« Confusion Matrix confusion mix. | Positive Negative
- True Positive (TP) —
. True Negative (TP) y osihve TP FP
- False Positive (FP) § N s e N
. a egariive
- False Negative (FN) ¢
« Recadall
* Precision Recall = TPZPFN Precision = TPTfFP
 Fl-score

2:-Precicsion-Recall

Fl-score = —
Precision+Recall

Awange et al. 2020; Bonaccorso 2018.




OsSZEHASONLITAS

precision recall fi1-score

Osztalyozas

* ~150 MB (.las) adaf eredménye
- Jellemzskkel egyitt o

. Hasonlé eredmények R o sy scores 0.5
. 300 ezer teszt adaton - Ve, o e e e

« Modell méretek:
« kNN: 120 MB N o coocy score: 0,57
. RFC: 295 MB .
- MLP: 12 KB sy o R A

Roofs 0.99 @.99 0.99
Vegetation 0.95 0.96 0.95




VALASZTAS: MULTI-LAYER PERCEPTRON
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TANITAS, MODELL ELOALLITAS

*  Multi-Layer Perceptron modell et i
Rectified Linear Unit (RelLU)
Bemenetiréteg: 12 db
Rejtettréteg: 1 db =2 15 db neuron

Kimenetiréteg: 2 db - =

.fewm

Relative height

RGB values

Omnivariance

Adaptive Moment Estimation (ADAM)

Vegetation

16640

Learning rate: 0.001 modencos

«  Mennyire ,,j®" a modell2
Accuracy: 97,4% . o
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True label
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DBSCAN

« Density-Based Spatial Clustering of Applications with
Noise

« Pontsurdseg alapjdn
¢ 2 parameéter:

- €£-—sugar

* Npip = MiN. pontszam

N(d(x;, %) <€) = Ny
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DBSCAN ALKALMAZASA ©
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DBSCAN ALKALMAZASA
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caﬁfﬁg
CANUPO [y (o

« CAractérisation de NUages de Points

« Pontfok osztdlyozdsa

. Support Vector Machine (SYM) .. A e ]
. Sajatértékeken alapuld jellemzdék Ne
- KUIBnb6z06 sugar 5

Brodu - Lague 2016.




CANUPO

CANUPO - GYAKORLATBAN .

Pt 3

Altalinos és Felsdgeodézia Tanszék




CANUPO - ELOKESZITES f @




CANUPO

CANUPO - TANITAS Hare

elect or add vertex g pri move / right click: remove vertex)

reset boundary 5 Done

Altalinos és Felsdgeodézia Tanszék




CANUPO

ANUPO - FELHASINALAS
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3DMASC (o

« 3D point classification with Multiple Aftributes,
Multiple Scales, and Mulfiple Clouds

« CloudCompare (2.13.betq)
« Osztalyozds
« Random Forest Classifier

Tree-1 Tree-2 Tree-n

Letard et al. 2023.




3DMASC — MEGADHATO JELLEMZOK

Neighborhood 5 !
ROUGH_SC10.0 PC1 PC2 MINUS ! Optional 1
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+ |If FEAT is SF, it shall be
followed by an index as

44 B I sca.2 | B I LBL | - I Class | DZ_SC5.5_CTX_2 in SF42 Letard et al. 2023.




3DMASC - ADATOK A TANITASHOZ (o

« Toronto 3D
B Road (label 1)
B Road marking (label 2) g '7}15 '
™ Natural (label 3)
Building (label 4)
Utility line (label 5)
Pole (label 6)
Car (label 7)
Fence (label 8)

Unclassified (label 0)

oy 158 -

2 ‘ % BTy L E A %

R Ao ad v, )
ks RS

Tan et al. 2020.




3DMASC - TANITAS (o

# NAMES

B Road (label 1) © Form _ O X
cloud: PCl= B Road marking (label 2)

M Natural (label 3) S

Building (label 4)

# CORE POINTS Utility line (label 5) 0 1 2 3 4 5 6 7 8  Precision Recall F1-score
core_points: PCI B 23?(5?557? 0 -636 0 1899 128 0 8 78 0 0.94 088 091

B Fence (label 8) 1 487 -245 310 41 4 7 29 4 0.96 098 097
# SCALES B Unciassified (label 0) 2 o ™ B o lo lo la lo lost 063 lo7a
scales: 0.25;0.5;1

3 4n 525 0 - 1076 17 19 65 0 0.93 098 095

4 FEATURES Real 4 218 168 0 5705 -2 7 3 0 0.95 083 088
feature: 7 SCO.5 STD PC] 5 0 0 0 206 27 - 141 0 0.99 09 094
feature: D_IP SCX_ PC]_ 6 43 1 0 382 114 11 -6 0 0.97 075 084
feature: ROUGH_SCx_PC1 7 37 325 0 454 20 0 3 -0 0.95 09 092
feature: ANISO SCx PCI1 8 8 7 0 99 101 0 2 20 228 098 049 065
feature: SPHER _SCx_PCI1 Overall accuracy 0.94 3dmasc_20231108_16h13 / 1

feature: LINEA_SCx _PCI1
feature: PLANA_SCx _PCI1

Altalinos és Felsbgeodézia Tanszék




3DMASC - EREDMENYEK

B Road (label 1)
B Road marking (label 2)f
M Natural (label 3)
Building (label 4)

utility line (label 5)
Pole (label é) e
Car (label 7) o
Fence (label 8) '




3DMASC - EREDMENYEK

Road (label 1) _
Road marking (label 2) {8
Natural (label 3) .
Building (label 4)
Utility line (label 5)
Pole (label 6)

Car (label 7)

Fence (label 8)

Unclassified (1abel 0)




3DMASC - EREDMENYEK

Road (label 1)
Road marking (label 2
Natural (label 3) !
Building (label 4)
utility line (label 5)
Pole (label é)
s Bl Cor (label 7)
¥ W rence (label 8)

| Unclassified { crbe O)

0 1 2 3 4 5 6 7 8 Precision Recall F1-score

0 -17839 5 755 7789 0 23 2172 779 0.6 064 026

1 72040 -2212 17 1862 4 19 1187 104 092 086 0.88

637 5355 8398 0 6 0 0 1 8 0.58

105110 9607 2 204550 132789 165 1196 86880 1307 038

62171 4790 4818 122141 126 634 9367 8631 057

151 134 889 4334 10713 130 1413 3 06

3318 2945 6629 268 7385 496 271 0.34

19085 5 5690 35052 354 0.54

4103 39 1686 333 1213

Overall accuracy 0.6
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MELYTANULAS

[Deep Learning on 3D Point Clou(]s]

!

- - -
(SD Shape ('lassiﬁtatiou] (JD Object Detection and Tl'acl:iugj (J-D Point Clond Segmen mrinn]
¥ +

+ * +

+

Point-based Methods

Methods (Section 3.1) (Section 3.3)

Multi-view based
(Section 4.2)

[ J {

(Section 4.1)
I

+ +*
Object Detection Object Tracking Scene Flow Estimation
(Section 4.3)

Semantic Segmemaric-n] [InsmnteSegmemationJ [

Part SegmeutmionJ

(Section 5.1) (Section 5.2) (Secrion 5.3)
I T

+

f

+

Region Proposal-
based Methods

Single Shot Methods
(Section 4.1.2)

‘ Volumetric-based Pointwise MLP

Methods (Section 3.2)

L J

Projection-based
Methods (Section 5.1.1)

J (

Discretization-based
Methods (Section 5.1.2)

[Drher Merhodsj [ Other Methods ]

Other Methods

+
Methods (Section 4.1.1)
-+ _
Convolution- e — Ve |
based Methods | Mult-view BEV-based | |
| Methods Methods Lo
|
Gl:?lp]:l;bﬁsﬂl || Segmentation- Discretization- : :
el || based Methods based Methods | ||
. - I &
Df::?:[ﬂ?:ﬁﬁ_ I ‘ F]‘ustum—hased} [ Point-based | :
|
based Methods I Methods Methods |
|
|
| |
. ]

Guo et al. 2020.
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Multi-view
Representation

Spherical
Representation

Hybid Methods | ¥ e '
Section 5.1.3 || Proposal-free
Gection 319 | Methods

Point-based Methods

[

5

i

Dense Discretization

|
| Proposn]—based}

Representation (Section 5.1.4) [ Methods
S )
Sparse Discretization - .
Representation Pointwise MLP

) Methods

Point Convolution
Methods

ENN-based
Methods

i

Graph-based
Methods




ADATKESZLETEK

[

Browse State-of-the-Art

Search for datasets Q

Bestmatch #

Filter by Modality (clear)

Point cloud x

Images 2503
Texts 2382
Videos 812
Audio 371

Filter by Task

Semantic
Segmentation

3D Object Detection 12

3D Semantic

Datasets

Methods

More

Datasets

8,818 machine learning datasets

Share your dataset with the ML community!

96 dataset results for Point cloud *

ShapeNet
ShapeNet is a large scale repository for 3D CAD models developed by researchers from
Stanford University, Princeton University and the Toyota Technolegical Institute at Chicago, US...

1,494 PAPERS + 11 BENCHMARKS

nuScenes
The nuScenes dataset is a large-scale autonomous driving dataset. The dataset has 3D
bounding boxes for 1000 scenes collected in Boston and Singapore. Each scene is 20 seconds...

1,233 pAPERS * 17 BENCHMARKS

ModelNet
The ModelNet40 dataset contains synthetic object point clouds. As the most widely used
benchmark for point cloud analysis, ModelNet40 is popular because of its various categories....

1,143 PAPERS * 16 BENCHMARKS

SUN RGB-D
The SUN RGBD dataset contains 10335 real RGB-D images of room scenes. Each RGB image has
a corresponding depth and segmentation map. As many as 700 object categories are labeled....

379 PAPERS * 13 BENCHMARKS

S3DIS (Stanford 3D Indoor Scene Dataset (S3DIS))

The Stanford 3D Indoor Scene Dataset (S3DIS) dataset contains 6 large-scale indoor areas with




OsszEGIES

Gépi tanulds
Pontfelhd szegmentdalds
Modszerek

Tovabbi tervek

- Gépi tanulas
- Pont vagy ponthalmaz
- Deep Learning

- LODI =2 LOD2

1

TensorFlow

Forrds: B&tori Bogldrka TDK dolgozata
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