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Why do we need to use Deep Learning?

MIST [1,2]: UMPA [3]: Why Deep Learning?

Needs priori information about [terative minimization of a cost Limitations on traditional
the sample. function. phase retrieval algorithms:

Absorbed dose and priori

Originally written for [t requires several images (20) information is needed.
monochromatic energy. to retrieve signals with high

quality and spatial resolution. A model could learn a tunction
Needs at least two [1] or four to retrieve speckle pattern
2] sample images to retrieve displacements from one
multimodal information. sample image only:.
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Deep Learning in a Nutshell

* Deep Learning is a subset of Machine Learning.

* Deep Neural Networks learn hierarchical
representations of a dataset through multiple levels
of abstraction [4].

« Mathematically: Optimization of ®(x;68) — y. [5]

* Depending on data availability: Supervised or
Unsupervised.

Figl: Segmentation task performed by Deep
Learning models. Taken from [6].
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Deep Learning in a Nutshell
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Convolutional Neural Networks

* Image processing [d].
* (Operates on high-dimensional tensors (H x W x C).

« Convolution for extracting hierarchical features [5] (1% K)(, j) = > N I(i—m,j—n)K(m,n)

* Max Pooling to systematically reduce the dimensionality of input tensor [5].

Convolutional Encoder-Decoder

Output

Pooling Indices

RGB Image

B conv + Batch Normalisation + RelU Segmentation
B Pooling B Upsampling Softmax

Fig2: Convolutional Neural Network. Taken from [6].
Altas Energias.
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Convolutions: Practical Example

[nput Image Highlight vertical borders
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Convolutions: Practical Example

[nput Image Highlight horizontal borders
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Convolutions: Practical Example

[nput Image
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UNet: Retrieving Speckle Displacements
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Fig3: UNet Architecture.
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UNet: Retrieving Speckle Displacements
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def build _unet(input_shape=(256, 256, 2), num_classes=2):

inputs = Input(input_shape)

Conv2D(64, (3, 3), activation='relu', padding='same')(inputs)
Conv2D(64, (3, 3), activation='relu', padding='same')(cl)
MaxPooling2D((2, 2))(cl)

Conv2D(128, (3, 3), activation='relu', padding='same')(pl)

Conv2D(128, (3, 3), activation='relu', padding='same')(c2)
MaxPooling2D((2, 2))(c2)

Conv2D(256, (3, 3), activation='relu’, padding=
Conv2D(256, (3, 3), activation='relu', padding=
MaxPooling2D((2, 2))(c3)

Conv2D(512, (3, 3), activation='relu’, padding=

Conv2D(512, (3, 3), activation='relu', padding=
MaxPooling2D((2, 2))(c4)
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UNet: Retrieving Speckle Displacements

- -

Conv2D(1©24, (3, 3), activation='relu', padding='same')(p4)

1024 10240 Conv2D(1e24, (3, 3), activation='relu', padding='same')(c5)
Bottleneck
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UNet: Retrieving Speckle Displacements

Conv2DTranspose(512, (2, 2), strides=(2, 2), padding='same’)(c5)
concatenate([u6, c4])

Conv2D(512, (3, 3), activation='relu', padding='sa

Conv2D(512, (3, 3), activation='relu', padding='sa

DECODER

Conv2DTranspose(256, (2, 2), strides=(2, 2), padding='same’)(c6)
> concatenate([u7, c3])

Y
: Conv2D(256, (3, 3), activation='relu', padding='s
| ; ; Conv2D(256, (3, 3), activation='relu’', padding='s
Y
| | i Conv2DTranspose(128, (2, 2), strides=(2, 2), padding='same’)(c7)
: concatenate([u8, c2])
> E Conv2D(128, (3, 3), activation='relu', padding='same')(u8)
; Conv2D(128, (3, 3), activation='relu', padding='same')(c8)
512 512 51247 g | n , | h ,
, f u9 = Conv2DTranspose(64, (2, 2), strides=(2, 2), padding="same')(c8)
256 256 2563\ us concatenate([u9, cl])
128 128128 c9 = Conv2D(64, (3, 3), activation='relu', padding='same"')(u9)
L . 4 c9 = Conv2D(64, (3, 3), activation='relu', padding='same')(c9)
bd 6464
Output
outputs = Conv2D(num_classes, (1, 1), activation='linear')(c9)
model = Model(inputs=[inputs], outputs=[outputs])
return model
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ITraining Dataset
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source-detector distance 2m. Figd: Training dataset.
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Validation Dataset
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Figb: Validation dataset.
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Evaluation Dataset

Reference Image - Fiber Sample Image - Fiber
. B . B Reference Image - Sphere Sample Image - Sphere
- 1.2 _ I
L 1.2 0 0
- 25000 - 25000
50 50 1.0 B
50 4 50
20000 20000
100 5 100 0.8°5 — —
o o 100 5 100 =
2 2 15000 > ~
& 0.6 & 3 0 ‘0
150 s 150 2 Ao 1 c c
IS IS 150 Jyiiie dhnset L 15040 3
c bV £
10000 10000
0.4
200 200 iy =
200 8 5 200
5000 5000
0.2
250 d 250
0 50 100 150 200 250 0 50 100 150 200 250 250 0 230 0

F1g6: Evaluation: Nylon fiber. Fig7: Evaluation: Nylon sphere.

Reference Image - Alloo et al. (2023) Sample Image - Alloo et al. (2023)
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Link to Google Drive

Link:

https://drive.google.com/drive/folders/ 1 TFu.

“h(GH6aF2.

DhmROAdASwWJm60

6¢c6zZ8FN7usp=sharing

)
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https://drive.google.com/drive/folders/1TFuEhGH6aF2DhmRQAdSwJm6O6c6zZ8FN?usp=sharing
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