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Point Cloud Generation
PASSIVE (IMAGING) HYBRID ACTIVE (RANGING)
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• Large frame cameras

• Multi-view cameras (oblique)

• Single frame + LiDAR

• Oblique + LiDAR

• Traditional linear Airborne Laser Scanning

• SPL/Geiger-mode Airborne Laser Scanning

T
E

R
R

E
S

T
R

IA
L • DSLR cameras

• Panoramic / spherical cameras

• Smartphones

• Mobile Mapping systems

• Hand-held / backpack system

• RGB-D sensors

• TOF laser scanner (long-range)

• Triangulation laser scanners (short-range)

• Structured light systems (short-range)
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Point Cloud Generation

[Toschi, I., Ramos, M.M., Nocerino, E., Menna, F., Remondino, F., Moe, K., Poli, D., Legat, K., Fassi, F., 2017: Oblique photogrammetry supporting 3D urban reconstruction of 

complex scenarios. ISPRS Int. Arch. Photogramm. Remote Sens. Spatial Inf. Sci., Vol. XLII-1-W1, pp. 519-526]
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Semantic segmentation / 3D Classification 

[Özdemir, E., Remondino, F., Golkar, A., 2021. An Efficient and General Framework for Aerial Point Cloud Classification in Urban Scenarios. Remote Sensing, Vol.13, 1985]

https://www.youtube.com/watch?v=h4m-Hu-7rfs
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Point Clouds
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Challenge
❏ Every scenario is different (shape, size, objects, etc.)

❏ Every dataset is different (resolution / density, sensor features/attributes, holes, etc.)

❏ Needs are different (LULC, change detection, forestry management, conservation / 

restoration, etc.)

❏ Point cloud are difficult by definition (orderless, irregularity, noise, non-uniform, uneven 

density, completeness, etc.)
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Point Cloud Classification - Methods

[Bayrak, O., Farella, E.M., Ma, Z., Remondino, F., Uzar, M., 2025: Combining 3D Urban Objects From All Around the World to Improve Object Classification and Semantic 

Segmentation. Remote Sensing, in press]
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Point Cloud Classification - Methods
❑ one-size-fits-all? noooooooo 

❑ no unique winner, methods are fit for specific datasets, lack of generalization / replicability

❑ https://paperswithcode.com/task/3d-semantic-segmentation 
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[Bayrak, O. Ma, Z., Farella, E.M., Remondino, F., Uzar, M., 2024: ESTATE: A Large Dataset of Under-Represented Urban Objects for 3D Point Cloud Classification. Int. 

Arch. Photogramm. Remote Sens. Spatial Inf. Sci., XLVIII-2-2024, 25–32]

Point Cloud Classification -  Datasets
❑ no standards in class definition

❑ general lack class diversity

❑ imbalance (under-represented) classes

❑ multiple sensors (cameras, LiDARs)

❑ different attributes (RGB, I, etc.)
❑ different densities / resolutions

❑ annotation errors
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Annotations
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3D Classification - Some works

❑ A large dataset of under-represented urban objects for 3D point cloud 

classification (ESTATE)
(Onur Bayrak, Zhenyu Ma, Elisa Farella)

❑ Knowledge Extended Neural Network (KENN)

(Eleonora Grilli, Marteen Bassier)

❑ Semantic segmentation in 3D forestry

(Narges Takhtkeshha, Gottfried Mandlburger, Juha Hyyppä)

❑ Visual Language Models to support 3D classification

(Ashkan Alami)
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[Bayrak, O. Ma, Z., Farella, E.M., Remondino, F., Uzar, M., 2024: ESTATE: A Large Dataset of Under-Represented Urban Objects for 3D Point Cloud Classification. Int. Arch. 

Photogramm. Remote Sens. Spatial Inf. Sci., XLVIII-2-2024, 25–32]

Point Cloud Classification - ESTATE
❑ Point-based vs object-based dataset

Objaverse Sydney Urban Objects

ModelNet40

YTU3D
Hessigheim3D

SensatUrban Paris-Lille 3D
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[Bayrak, O. Ma, Z., Farella, E.M., Remondino, F., Uzar, M., 2024: ESTATE: A Large Dataset of Under-Represented Urban Objects for 3D Point Cloud Classification. Int. Arch. 

Photogramm. Remote Sens. Spatial Inf. Sci., XLVIII-2-2024, 25–32]

Point Cloud Classification - ESTATE
❑ ESTATE dataset - a large dataset of under-represented urban objects for 3D point cloud classification

Name Reference Classes Total Numb. of Objects Target Scene Type

Sydney Urban Objects De Deuge et al. (2013) 14 588 Outdoor scenes Real World

ModelNet10 Wu et al. (2015) 10 4596 Indoor objects Synthetic

ModelNet40 Wu et al. (2015) 40 12311 Indoor objects Synthetic

ShapeNet Chang et al. (2015) 55 51190 Indoor objects Synthetic

ScanNet Dai et al. (2017) 17 12283 Indoor scenes Real World

ScanObjectNN Uy et al. (2019) 15 2902 Indoor objects Real World

Objaverse Deitke et al. (2022) 21 K + 10 million + Indoor objects Synthetic

ModelNet40-C Sun et al. (2022) 15 185000 Indoor objects Synthetic

ESTATE (Our) Bayrak et al. (2024) 13 6528 Outdoor scenes Real World
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Point Cloud Classification - ESTATE

Dataset properties and classes

No 

Feature 
With Intensity With RGB & Intensity

Number of 

Objects in 

ESTATE

ALS MLS UAV-Photogrammetry ALS MLS
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Approx. point density (pts/m2) 600 348 140 2000 700 400 1000 100 1000 800 1000

Light Pole 337 258 70 52 48 8 5 116 346 32 64 1336

Traffic Light 79 3 2 15 17 - - 16 6 - 26 164

Pole 135 71 27 24 28 - 13 67 39 18 32 454

Electr. Pole 7 - 83 2 - - - 43 - - 41 176

Traffic Sign 231 5 74 124 114 9 - 36 20 14 43 670

Pylon - 8 125 - - - - - - - - 133

Cable - 81 43 - - - - - - - 183 307

Garbage Box 87 - - 162 13 369 17 - 120 66 - 834

Car 85 80 - 274 7 130 - - 801 28 78 1483

Truck 10 - 5 - 2 20 14 6 64 - - 121

Bus 7 30 - - - 3 2 2 38 - - 82

Chimney - 54 65 - - - 232 - 234 40 - 625

Ventilation - - - - - 38 - - 105 - - 143

Total 978 590 494 653 229 577 283 286 1773 198 467 6528
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[Bayrak, O. Ma, Z., Farella, E.M., Remondino, F., Uzar, M., 2024: ESTATE: A Large Dataset of Under-Represented Urban Objects for 3D Point Cloud Classification. Int. Arch. 

Photogramm. Remote Sens. Spatial Inf. Sci., XLVIII-2-2024, 25–32]

Point Cloud Classification - ESTATE
❑ Support classification of classes with under-represented objects
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[Bayrak, O. Ma, Z., Farella, E.M., Remondino, F., Uzar, M., 2024: ESTATE: A Large Dataset of Under-Represented Urban Objects for 3D Point Cloud Classification. Int. Arch. 

Photogramm. Remote Sens. Spatial Inf. Sci., XLVIII-2-2024, 25–32]

Point Cloud Classification - ESTATE
❑ Hessigheim3D benchmark: the augmentation of the Vehicle and Urban Furniture classes resulted in 

an improvement in classification performance by 26% and 7%, respectively
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❑ KENN - Knowledge Extended Neural Network to support better prediction of under-represented classes

❑ inject Prior Knowledge into a neural network via First Order Logic
➢ a chimney can only be on a roof

➢ a tree cannot be on a roof

➢ a car can only be on the ground

GT Prediction

Point Cloud Classification -  KENN
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❑ A neural network (NN) takes a set of features x as inputs and produces an initial output y containing 

predictions for n classes

❑ The KENN layer refines the initial predictions in order to increase knowledge satisfaction and release y’

❑ K is described as a set of logical rules (or constraints) that represent restrictions on the n classes to be 

predicted

“every point u that is linear and vertical must be a pole”

“point building cannot have above a point pole”

“everything that is both linear and vertical (in terms of Covariance 

Features) within the dataset is likely to belong to the class pole”

[Grilli, E., Daniele, A., Bassier, M., Remondino, F., Serafini, L., 2023: Knowledge Enhanced Neural Networks for Point Cloud Semantic Segmentation. Remote Sensing, 

15(10):2590]

Point Cloud Classification -  KENN
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[Grilli, E., Daniele, A., Bassier, M., Remondino, F., Serafini, L., 2023:  Knowledge Enhanced Neural Networks for Point Cloud Semantic Segmentation. Remote Sensing, 

15(10):2590]

Prediction without knowledge injection

Point Cloud Classification -  KENN
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Prediction with knowledge injection

[Grilli, E., Daniele, A., Bassier, M., Remondino, F., Serafini, L., 2023:  Knowledge Enhanced Neural Networks for Point Cloud Semantic Segmentation. Remote Sensing, 

15(10):2590]

Point Cloud Classification -  KENN
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[Grilli, E., Daniele, A., Bassier, M., Remondino, F., Serafini, L., 2023:  Knowledge Enhanced Neural Networks for Point Cloud Semantic Segmentation. Remote Sensing, 

15(10):2590]

Point Cloud Classification -  KENN

❑ Overall improvement everywhere, in particular for under-represented classes

❑ Role of rules and generalization aspects 
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3D Forestry semantic segmentation

drone (DJI L1)

MLS (Livox Avia)

TLS (Leica HDS)
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height (DBH)

6 classes semantic segmentation with KPConv
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3D Forestry semantic segmentation
GROUND  

TRUNKS   

BRUNCHES

LOW-VEGETATION

CANOPY
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3D Forestry semantic segmentation
GROUND  

TRUNKS   

BRUNCHES

LOW-VEGETATION

CANOPY
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3D Forestry semantic segmentation
GROUND  

TRUNKS   

BRUNCHES
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3D Forestry semantic segmentation
GROUND  

TRUNKS   
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3D Forestry semantic segmentation
GROUND  

TRUNKS   

BRUNCHES

LOW-VEGETATION

CANOPY
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3D Forestry semantic segmentation
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3D Forestry with Multispectral LiDAR
Channel 1

(SWIR)

Channel 3

(Green)

Multispectral 
point cloud

Channel 2

(NIR)

Forest 

monitoring 

task

Overall accuracy (%)

Geometry Geometry + 

Radiometric

Forest  

segmentation

62.8 71.50

Tree species 

classification

48.15 82.72

Forest component segmentation

(KPConv)
Tree species classification[Takhtkeshha, N., Mandlburger, G., Remondino, F., Hyyppä, J., 2024: Multispectral Light 

Detection and Ranging Technology and Applications: A Review. Sensors; 24(5):1669]
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3D Forestry with Multispectral LiDAR
VUX-1HA (1550 nm) miniVUX-1DL (905 nm)    VQ840-G (532 nm)        MS-LiDAR
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❑ VLM-based query of large scale scenarios through oblique aerial images

[Alami, A. and Remondino, F., 2024: Querying 3D point clouds exploiting open-vocabulary semantic segmentation of images. Int. Arch. Photogramm. Remote Sens. Spatial 

Inf. Sci., XLVIII-2/W8-2024, 1–7]

Semantic Segmentation with Open-Vocabulary



Giving a meaning to 3D point clouds - Fabio Remondino32

❑ VLM-based query of large scale scenarios through oblique aerial images
❑ Yolo-World + Grounding DINO -> bounding box for the target object

❑ SAM -> object mask around the target object

❑ Projection onto the point clouds using camera parameters

❑ Refinement using leveraging on geometric features

VLM queries: 

Car, Window, Tree, 

PV panels, etc.

images with know 

orientation

[Alami, A. and Remondino, F., 2024: Querying 3D point clouds exploiting open-vocabulary semantic segmentation of images. Int. Arch. Photogramm. Remote Sens. Spatial 

Inf. Sci., XLVIII-2/W8-2024, 1–7]

no need for 3D annotations…

Semantic Segmentation with Open-Vocabulary
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❑ 3D deep learning (KPConv) vs VLM-based / Open-vocabulary semantic segmentation

Semantic Segmentation with Open-Vocabulary

Class 3D DL Open-
vocabulary

IoU F-1 
Score

IoU F-1 
Score

Building 93.75 96.78 78.10 87.70

Vegetation 86.23 92.60 67.40 80.53

Vehicle 47.44 64.36 37.61 54.66

Poles 50.62 67.21 19.18 31.93

Fence 26.41 41.78 2.01 3.94

Imp. 
surface

65.92 79.46 12.87 22.80

Other (*) 31.32 47.71 23.18 37.63

Mean 57.38 69.94 34.34 45.60

❑ So far, 3D DL performs better than LLM/Open Vocabulary methods

❑ LLM could be complementary and / or support annotations
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❑ Point cloud classification / semantic segmentation is still a very hot and open 

research task

❑ Methods (publications) fight for few % more (93.2% vs 93.4%), better consider:

❑ generalization (ability to process any unseen scenario)

❑ classes standardization (at least for urban mapping?)

❑ fully unsupervised methods

❑ under-represented objects

❑ explainability

TAKE AWAY MESSAGES
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❑ Strong need to develop easy and standardized procedures for 

real-world daily-based large-scale 3D applications

❑ Role of LLM / VLM / MLLM, as complementary to deep 

learning networks

❑ Foundation models for 3D geospatial data

❑ More collaborations with colleagues in neighboring disciplines 

and with end-users (companies and NMCAs)

WHAT’S NEXT?
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THANK YOU FOR YOUR ATTENTION
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