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Meétodos clasicos de renderizado




Pipeline grafico

Representacion dos

VERTEX SHADER GEOMETRY SHADER vértices do obxecto

VERTEX DATA[] Proxeccién de 3D a 2D

en pantalla.

Paso de xeometria a
pixeles en pantalla.
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TESTS AND BLENDING FRAGMENT SHADER RASTERIZATION




Nubes de puntos

Que son
Como se obtenen

Pros e contras




Nubes de puntos e normais

Malla de poligonos
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Splatting
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Visualizador Ipoint

Cargar normais do método
de Deep Learning

IPoint

Cargar
nubes de
puntos

mediante PCL

Cargar normais

Comparativa entre os
métodos de estimacion

$ ../bin/IPoint
Failed to find match for field 'curvature'.
PLY File load SUCCESS

Cloud size: 1223693

Removing NaN Points ...
No NaN Points FOUND

Scaling Figure ...
Max. Distance: 0.176928

Press H key to see the HELP menu ...
HELP IS COMING!
--Esc--Press it to close the program--
--B--Enable/Disable mouse--
--W, A, S, D, Ctrl, Space and Mouse--Movement--
--Shitf (pressed)--Speed up movement--
--R--Reset the position of the figure--

--Load a new PLY file--
--C--Auto-Rotation Start/Stop--
--Up/Down arrows--Higher/lower splat size--
--N--Show/hide normals--
--Right/Left arrows--Higher/lower point normal size--
--E--Estimate normals with PCL--

Load Deep Learning estimated normals--

Switch between loaded normals (Real,PCL,DeeplLearning)--

--Lock/unlock mouse movement--

Visualizar
normais
cargadas



Librerias para Deep Learning

PYTSRCH v

TensorFlow Keras



Machine learning, Deep Learning e ANN
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Modelos posibles

[ ] Aprendizaxe supervisado
MACHINE LEARNING

A
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LEARNING [ LEARNING ] Modelo de regresién
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;Como funciona?




Formato dos datos de entrada

Datos do Point Cloud
Cor RGB Coords. normais

Coords. punto

Datos de entrada do modelo (X_train)

Datos esperados para a saida do modelo (y_train)
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Modelo de Deep Learning

## Modelo de regresion.

# Cargamos os datos de entrada.
def load_inputs():

# Datos dos que predeciremos as normais.
X=1oad(arquivo)

# Resultados esperados das normais que estimaremos.
Y=load(arquivo)

# Separamos os datos de entrada que usaremos para adestrar, dos
que usaremos para comprobar se o adestramento esta dando bos
resultados.

X_train, X _test, y_train, y_test = train_test_split(X,Y)

return X_train, X_test, y_train, y_test

"X H B

def

def

def

create_model()

model-Modelo de regresion

model.add(input)

model.add(Dense((128) activation=(Telu’)))
model.add(Dense(64, activation="relu"))
model.add(Dense(32, activation="relu’))
model.add(Dense(3))

model.compile( loss opt inizer@ learning_rate))

return model

fit_model(X_train, X _test, y_train, y_test)
history=model.fit(X_train, y_train, (batch size] [n_epochs),
validation_data=(X_test, y_test))

return history

plot(history, epochs)

loss = history.history['loss’]

val loss = history.history['val loss’]
plot(loss, val loss, epochs)




Resultados adestramento

Training and validation loss

Training loss
—— Validation loss
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cloud.ply

Funcionamento NormalGenerator

Coordenadas
dos puntos

—>

Adaptar
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entrada para
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Estimar
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Deep Learning
adestrado
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normals.ply



Comparativa

IPoint IPoint:PCL IPoint:Deep Learning

IPoint IPoint:PCL IPoint:Deep Learning

Lenda
de

i erro




Estimacion

Arquivos de nubes de puntos (.ply)

Deep Lea rning suzanne30k | suzannel00k| hand lucy |suzanne500k| blade |suzannelM |head ten24
Error medio 0,1855 0,1819 0,2697 | 0,2031 0,1516 0,2290 0,1577 0,1265
Desviacion estandar| 0,0438 0,0438 0,1008 | 0,0733 0,0445 0,0304 0,0369 0,0439
N¢ errores > 10% 24.241 80.740 132.048|266.769| 427.985 675.879| 926.524 804.071
N¢ errores > 25% 21318 6.804 181.383| 97.949 19.266 207.052| 28.935 26.848
N¢ errores > 50% 0 0 2.879 0 0 22 0 0
N2 errores > 75% 0 0 0 0 0 0 0 0
Estimacién PCL Arquivos de nubes de puntos (.ply)
suzanne30k | suzannel00k | hand lucy |suzanne500k| blade |[suzannelM |head ten24
Error medio 0,4588 0,4620 0,3101 | 0,3600 0,4636 0,2848 0,4626 0,4183
Desviacion estandar| 0,1293 0,1268 0,2267 | 0,1874 0,1251 0,2053 0,1261 0,1268
N2 errores > 10% 71 277 10.494 | 26.987 921! 44.621 2.114 5.889
N@ errores > 25% LS 275 42.748 100.879|187.538| 231.285 (441.147| 471.935 781.118
N2 errores > 50% 18X 622 39.526 94.568 [103.886| 213.322 84.653 | 435.878 364.197
N2 errores > 75% 0 0 0 0 0 0 0 0




Conclusions e posible traballo futuro

Gran reto - Tecnoloxias complexas e descofiecidas

- Software cumple expectativas
Resultados - Buena estimacion de normales
- Se cumplen los objetivos

- Integracién NormalGenerator con IPoint
Melloras .
- Axustar o modelo coa fin de mellorar a cota de erro



Demo




iMoitas gracias polo voso tempo e atencion!

;Preguntas?



