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State of the art
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Computer Vision & Deep Learning
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Computer Vision & Deep Learning
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Computer Vision & Deep Learning
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Facade parsing & Reqgularity
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Objectives
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Research questions

How to determine floor count in an image with

the use of learning-based facade parsing?

1. Data preparation

2. Fagade parsing

3. Floor count estimation

Preprocessing?

Deep Learning?
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Data acquisition
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Methodology
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Methodology

1. Data preparation 2. Facade parsing 3. Floor count estimation
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Experiments & Development
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® LCxperiments
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Facade parsing

1. Data preparation 2. Facade parsing
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Floor count estimation

2. Facade parsing
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oorLevel-Net
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Fagade parsing: Bivariate approach (x, y)
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Fagade parsing: Bivariate approach (x, y)
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Fagade parsing: Bivariate approach (x, y)
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Facgade parsing: Univariate approach (y)
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Facade parsing: Univariate approach
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Facade parsing: Univariate approach

l

|

l

3. Floor count estimation

0.0200

—— bw=15.0
0.0175 - — bw=20.0
—— bw=25.0

0.0150 -

0.0125 -

0.0100 -

0.0075 -

l 1

Vertical clustering

0.0050 -

0.0025 A

0.0000 -
0 200 400 600 800 1000

Manual

optimisatio

® LCxperiments

0.0200

- gaussian
0.0175 A ~—fricube
- gosine

0.0150 -

0.0125 -

0.0100 -

[_\I 0.0075 -

JSON 0.0050 -
0.0025 - k
0.0000 -

0 200 400 600 800 1000

]
TUDelft N




Facade parsing: Univariate approach
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3. Floor count estimation
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Results & Analysis
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lmage rectification: VP estimation

® Results
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mage rectification: direct H transform

® Results

]
TUDelft



mage rectification: direct H transform

® Results
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Facade parsing with Mask R-CNN
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FloorLevel-Net
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Bivariate vertical clustering
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Univariate “vertical clustering’

Wild SVI:
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® Results
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Univariate vertical clustering

Best results

Manually tuned tfacade parsing model:

Amsterdam Facade Related works
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Univariate vertical Clustermg

Motivation

Related work

Summary of evaluation
on other datasets:
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Undershooting
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Undershooting

® Results

]
TUDelft




Conclusions
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Conclusions

How to determine floor count in an image with the use of learning-based fagade parsing?

1. Data preparation 2. Fagade parsing 3. Floor count estimation
/\ /\
Image / —detections Kern.el
SVI recification »| | MaskR-CNN Data Density
~segmentations . Estimation
= P S

>  Promising results for small scale, considering no discrimination in storey-
numbers

» Mask R-CNN for facade parsing works well, also gives opportunity to have
both detections and segmentations

~ Improvement in fagade parsing performance can:
® (Conclyusions >  Overcome undershooting
»  More robust in rectified SVI
» Automatically tuned facade parsing model most versatile

> Data processing: Detections -> point selection. Segmentations -> bitmap
to pixel-coordinates

»  KDE, with maxima finding works well. Combine manual + automatic tuning
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e (Conclusions
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| IMmiItations

Dataset: lack in variability, ground-truth
availability, annotation quality

Breadth of research: jack of all trades,
master of none

SVI coverage and practicality: simplification
of problem, no use of AP

Computation limitations: Conservative
training routines employed
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e (Conclusions
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Future work

Dataset creation: use of API, open-source, variability,
ground-truth availability, annotation quality, automatic
facade retrieval

Model sophistication: FLN —> training for higher level
semantics, use of attention modules. Also, increase
speed.

Literature review: floor count standards, regulations,
exception cases

Improve vertical clustering: KDE optimisation, eg
parameter search, manual + automatic harmonisation
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Thank you for listening!

Any questions?
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Additional results

Manually tuned facade parsing model: Automatically tuned facade parsing model:

Ams. Facade ECP eTRIMS eTRIMSrect wild wild rect Ams Facade ECP eTRIMS eTRIMSrect wild wild rect

Detection MAE | 0.17 0.80 0.65 0.5 224 236 Detection MAE | 0.19 057 045 0.34 232 2.86
based ME | -0.17 -0.80 0.32 0.17 -1.57 -2.18 based ME | -0.19 -0.55 0.15 0.03 -1.68 -2.00
data o error | 0.38 0.74 093 0.74 378 345 data o error 0.42 071 0.84 0.64 346 3.21
f1 1 0.83 049 049 0.53 021 0.35 f11 0.83 065 0.67 0.69 0.23 0.23
Accuracy T | 0.83 038 0.48 0.53 024 0.32 Accuracy 1 | 0.82 054 0.67 0.70 023 0.24
Segmentation | MAE | 0.66 0.88 192 7.9 210 286 Segmentation | MAE | 1.0 086 2.62 3.28 255 5.33
based ME | 0.30 -0.86 1.68 7.73 -0.76  0.32 based ME | 0.66 -0.33 242 3.15 036 3.90
data o error | 1.77 0.70 4.31 20.65 405 5.06 data o error | 3.20 240 5.06 7.44 535 10.83
11 0.63 038 0.36 0.41 044 0.19 f11 0.63 061 0.35 0.51 035 0.30
Accuracy 1 | 0.64 028 0.35 0.38 043 0.23 Accuracy 1 | 0.63 049 0.35 0.50 032 0.29
Segmentation | MAE | 0.20 095 0.60 0.65 190 223 Segmentation | MAE | 0.23 0.66 0.47 0.48 200 210
based ME | -0.20 -095 0.30 0.42 -1.90 -2.14 based ME | -0.17 -0.66 0.20 0.15 -1.91 -1.90
data o error | 0.40 0.77 0.83 1.11 339 337 data o error | 0.48 0.71 0.80 0.80 2.69 3.05
(normalised) | f1 1 0.79 036 0.49 0.50 048 0.28 (normalised) | f1 1 0.77 059 0.64 0.58 0.26 0.27
Accuracy 1 | 0.80 0.27 0.48 0.50 048 0.32 Accuracy 1 | 0.78 048 0.63 0.58 0.27 0.29
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Window detection + line fitting

® Reclated work
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Limitation: Restrictive rule-set
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