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(a) Polarization of Light
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(a) Polarization of Light
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(b) Why Linear Polarization?
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(c) Classical Polarimeter

Rotating Linear
Polarizer

_—
)

Rotating-Polarizer-Based Polarimeter

Ex. Kriss P3000
~ 8.000 euro



(c) Classical Polarimeter

Rotating Linear
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Rotating-Polarizer-Based Polarimeter

Ex. Kriss P3000
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Conical Refraction
and
Linear Polarization



(a) Conical Refraction: The Theory

(i) Phenomenological Description
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(a) Conical Refraction: The Theory

(ii) Fresnel Surface
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(a) Conical Refraction: The Theory

(iii) Belsky-Khapalyuk-Berry Theory

(a) CP (b) LP 0 rad (c) LP 7/2 rad (d) LP 7/4 rad



(b) The Experiment
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(b) The Experiment
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(c) A Snhapshot Polarimeter
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(c) A Snapshot Polarimeter

Lizana, Angel, et al. “Implementation and performance of an in-line incomplete Stokes
polarimeter based on a single biaxial crystal.” Applied Optics 54.29 (2015): 8758-8765.

/'
Peinado, Alba, et al. “Optimization, tolerance analysis and implementation of a Stokes polarimeter
based on the conical refraction phenomenon.” Optics express 23.5 (2015): 5636-5652.

Peinado, Alba, et al. “Snapshot polarimeter based on the conical refraction
phenomenon.” Modeling Aspects in Optical Metrology V. Vol. 9526. SPIE, (2015).
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The Algorithms:
From Images
to Angles



(a) The Computer Vision Task
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(a) The Computer Vision Task

Simulated Non-Noisy
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(b) Generated Labelled Datasets
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(c) Developed Algorithm Types

(i) Geometric Algorithms
(ii) Neural Network Algorithms
(iii) Embedding Space Algorithms

(iv) Simulation Fitting Algorithms
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(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
Theoretical Image-Angle Property 1

 Symmetric about “main axis”

Geom. cent.
- Hard! - ’////

. : : . . ° .
* Gravitat. and Geom. Center aligned in main axis
- Easy! -




(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
The Kalkandjiev-Rotation Algorithm
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(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
The Mirror Flip Algorithm

»

At /2 rad
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At dicpy



(d) Developed Algorithm Examples

(i) Geometric Algorithmes:
The Gravicenter Regression Algorithm
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(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
Theoretical Image-Angle Property 2

* Angular histogram geom. center, cosine squared displaced by ¢cr)

Intensity integrated from geom. cent. (a.u.)
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(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
The Cosine Squared Fit Algorithm
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(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
The Cosine Squared Fit Algorithm
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(d) Developed Algorithm Examples
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(i) Geometric Algorithmes:
The Bimodal Histogram Algorithm
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(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
Theoretical Image-Angle Property 3

* Crescent ring + 1t rotated (abt. Geom. Center) = full ring as CP
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(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
The Blazquez Algorithm
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(c) Developed Algorithm Examples

(i) Geometric Algorithmes:
The Blazquez + RANSAC Cosine Fit Algorithm
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(c) Developed Algorithm Examples

(i) Neural Network Algorithms

dicry
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(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:
Dimensionality of the Data Manifold

BRI
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(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:
Observation 1

Ro, Wo, z, Py p) BKB Eqts
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(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:
Observation 1

RAW -> PCA to 2D
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(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:
Observation 2




(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:

Observation 2 RAW -> PCA to 2D

60 = phi CR

40

o
= 20
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Data T 0
5

Principal component 1
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(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:
Happy Idea

Embedding
Fct.
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(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:
Dimensionality of the Data Manifold

MDS Stress

% 50 18 -1 ns 150 s
Embedding Space Dimensions

(a)

1-KNN score on test set
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Embedding Space Dimensions

(b)

1-KNN score on test set

Embedding Space Dimensions

(c)
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(c) Developed Algorithm Examples

(iii) Embedding Space Algorithmes:
Triplet Loss Neural Network + KNN

Distance Between Embedding Percentiles

averaged over batches in epoch Norm
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(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:
PCA, UMAP, NCA + KNN

UMAP

NCA
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(c) Developed Algorithm Examples

(ili) Embedding Space Algorithmes:

KPCA, LLE, ISOMAP + KNN

KPCA

LLE

ISOMAP
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(c) Developed Algorithm Examples

(iv) Simulation Fitting Algorithmes: Ry, wy, z, @ p
z=0,
LP =m/8
(@) po =2 (b) po =4 (c) po =38 (d) po =16
wo = 83.5 Ry = 167 wo = 41.75 Ry = 167 wgo = 20.87 Ry = 167 wo = 10.44 Ry = 167

R, = 167,
Wo = 24‘,
CP

(&) =43 (b) Z—1.8 (c) 2=%1.5 (d) =212




(d) Algorithm Benchmark (i) Simulated Non-Noisy Images

Algorithm Absolute Error (deg) Times (s)
BeSt'ca.se Name Winner Variant
Scenario Mirror Flip Quadratic Opt., Lanczos Interpol., 0.00102 0.00109
for Preproc. Norm. to Max
540 x 540 Gravicenter Regression ) Preproe. Norm. to Max 0.00196 | 0.00189 0.00203
camera Kalkandjiev-Rotation Auadratic Opt., Lanczos Interpol. \| 0.00205 | 0.00198 0.00213
/ Preproc. Norm. to Max
Blazquez + Cosine Fit w=0.999, Nelder-Mead Opt., 0.00455 | 0.00437 0.00475 | 3.38  3.39
Preproc. Norm. to Max
Cosine Square Fit Preproc. Norm. to Max 0.00466 | 0.00452 0.00480 | 2.820 2.830
Blazquez Preproc. Norm. to Max 0.124 0.0517 0.274 | 0.454 0.456
Simulation Fit Opt. Nelder-Mead, About Grav. 0.140 0.123 0.171 | 1.283 1.316
Preproc. Norm. to Max
KNN+Embedder NCA Embedder, Trained 0.280 0.140 2.32 0.130 0.160
with Non-Noisy Data
KNN Trained with Non-Noisy Data 0.820 0.484 1.40 4.960 5.610
Bimodal Histogram Preproc. Norm. to Max 1.66 1.58 1.76 0.131 0.132
Relative Rotation Quadratic Opt., Bicubic Interpol., 1.73 1.61 1.83 0.068 0.069
Preproc. Norm. to Max
Polar Registration Preproc. Norm. to Max 2.83 2.64 3.04 0.245 0.245
CNN-+fe Encoder A 3.41 2.94 4.06 1.093 1.094
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(d) Algorithm Benchmark

(ii) Simulated Noisy Images

Worst-case
Scenario
for
540 x 540
camera

Algorithm

| Absolute Error (deg) | Times (s)

Winner Variant

Simulation Fi

Opt. Powell, About Gravicenter,

Preproc. Sigmoid k=35 ¢=0.1
Ka]kandjiev-Rotatimj Opt. Fibo., Bicubic Interpol.,
Preproc. Sigmoid k=35, ¢=0.1
W Opt. Quad.. Lanczos Interpol.,
Preproc. Sigmoid k=35, ¢=0.1
Simulation Fit + Opt. Nelder-Mead, About Gravicenter, | 2.02 | 1.88 2.21 2.68 2.73
Embedder Preproc. NCA trained w. Noisy Data
Blazquez + Cosine Fit w=0.9999, Opt. Nelder-Mead 2.29 | 2.18 2.40 3.46  3.47
Blazquez Opt. Nelder-Mead, final 232 | 2.20 2.46 0.510 0.512
estimation using RANSAC+-cos fit
KNN + Embedder Embedder NCA, Trained 2.32 | 2.01 2.94 0.04  0.05
w. Non-Noisy Data
Cosine Square Fit Opt. Nelder-Mead 2.83 | 2.73 2.93 2.865 2.866
Gravicenter Regression Preproc. Sigmoid k=35 c¢=0.1 2.88 | 2.77 2.98 0.45 0.45
Polar Registration Preproc. Sigmoid k=35 ¢=0.3 2.88 | 2.74 3.10 0.246 0.247
Relative Rotation Opt. Quad., Bicubic Interpol., 294 | 2.82 3.06 0.067 0.068
Preproc. Opening s=11
Bimodal Histogram Preproc. Sigmoid k=35, ¢=0.1 3.41 | 3.28 3.54 0.131 0.132
KNN Trained w. Non-Noisy Data 3.69 | 3.19 4.46 0.886  0.893
CNN-+fe Encoder A 4.09 | 3.69 4.65 1.092  1.093
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(d) Algorithm Benchmark (iii) Experimental Images

Algorithm | Abs. Error (deg) Times (s)
Lab Name ‘ Winner Variant | Mean Std. Mean
Scenario Cosine squared fit Opt. Nelder-Mead, final estimation
for using RANSAC+cos fit
540 x 540 Blaquez Opt. Nelder-Mead, final estimation
camera using RANSAC+cos fit
Blazquez+Cosine Fit, w=0.999, Opt. Nelder-Mead
Polar Registration Preproc. Sigmoid k=35, ¢=0.3 0.54 0.54 0.26  0.011
Mirror flip Opt. Quad., Bicubic Interpol., 0.56 0.41 0.14  0.0080
Preproc. Sigmoid k=35, ¢=0.3
Kalkandjiev-Rotation Opt. Fibo., Bicubic Interpol., 0.57 0.42 0.22 0.020
Preproc. Sigmoid k=35, ¢=0.3
Simulation Fit About Gravic., Opt. Nelder-Mead, 0.58 0.39 1.57  0.042
Preproc. Norm. to Max
Relative Rotation Opt. Quad., Bicubic Interpol., 0.61 0.45 0.069  0.0080
Preproc. Sigmoid k=35, ¢=0.3
Simulation Fit + Opt. Quad., Bicubic Interpol., 0.88 0.52 2.17 0.033
Embedder Preproc. Sigmoid k=35, ¢=0.3
Bimodal Histogram Preproc. Sigmoid k=35, ¢=0.5 1.48 1.59 0.14  0.0025
Gravicenter Regression Preproc. Sigmoid k=35, ¢=0.3 2.20 1.96 0.48 0.017
KNN-+Embedder UMAP Embedder, Trained 2.76 2.05 3.33 0.0
on Non-Noisy Data
KNN Trained w. (simulated) Noisy Data 4.23 2.64 1.80 0.0




(c) Algorithm Benchmark

540 x 540 Best-Case Worst-Case Exp-Case
camera (mag. Lens)
Best Mean 0.001 1.93 0.51
Abs. Error
(deg)

Best Alg. 0.22 0.22 0.52

Time/meas.
(s)

« Best Algorithm depends on noise level!
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The Device
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(b) Commercial Viability

Component Vendor Price (euro)
Polarizer film Thorlabs 9
3V 1A Power Supply for light source Amazon 10
Lens 100 mm Thorlabs 19
Casing and element support 3D printer material Estimated o0
Raspberry Pi 4 Amazon 40
Raspberry Touchscreen 7” Farnell 50
Single-mode fiber apt for 590 nm Thorlabs 72
Biaxial crystal cut in the right crystalographic plane | Altechna (priv. comm.) 300
LED M590F3 - 590 nm 3.3 mW Thorlabs 430
Basler acA720-520um camera Basler
Total - 1310
540 x 540 Best-Case Exp-Case Proof-of-
(mag. Lens) Concept
(no mag.)
Abs. Error (deg) 0.001 0.51 0.72
Time/meas. (s) 0.22 0.52 \ 036 /)
T
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(b) Commercial Viability

Price ro
Total | - 1310
540 x 540 Best-Case Exp-Case Proof-of-
(mag. Lens) Concept
OurCR < (no mag.) 3 kg!
Polarimeter Abs. Error (deg) 0.001 0.51 0.72
Time/meas. (s) 0.22 0.52 0.36
.
Polarimeter Brand Price Accuracy Source Features
and model (euro) (deg)
Kriiss Polarimeter 8,150 + VAT +0.01 LED 589 nm | - Fast Meas. time ~ 1s
P3000 - Thermometer
Cat. N. 10 61 13000 - 28 kg; 645 x 200 x 360 mm
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(b) Commercial Viability

Price ro
Total | - 1310
540 x 540 Best-Case Exp-Case Proof-of-
(mag. Lens) Concept
Our CR < no mag. 3 kg!
Polarimeter Abs. Error (deg) 0.001 0.51
Time/meas. (s) 0.22 0.52 0.36
.

Polarimeter Brand Price Accuracy Source Features
and model

8, D : LED 589 nm | - Fast Meas. time ~ 1s
- Thermometer
- 28 kg; 645 x 200 x 360 mm

Kriiss Polarimeter
P3000
Cat. N. 10 61 13000
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(b) Commercial Viability

3 kg!

Price ro
Total - 1310
540 x 540 Best-Case Exp-Case Proof-of-
(mag. Lens) Concept
Our CR
Polarimeter
Abs. Error (deg) 0.51
Time/meas. (s) 0.52
.
Polarimeter Brand Price Accuracy Source Features
and model
Kriiss Polarimeter 8, LED 589 nm | - Fast Meas. tis

P3000

Cat. N. 10 61 13000

- Thermometer
- 28 kg; 645 x 200 x 360 mm
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(b) Commercial Viability

Price ro
Total | - 1310
540 x 540 Best-Case Exp-Case Proof-of-
(mag. Lens) Concept
Our CR
Polarimeter
Abs. Error (deg) 0.51
Time/meas. (s) 0.52
.
Polarimeter Brand Price Accuracy Source Features
and model
Kriiss Polarimeter LED 589 nm | - Fast Meas. tifs

P3000
Cat. N. 10 61 13000

- TRermometer
645 x 200 x 360 mm
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Future Work

« Find limit precision for increasing pixel density
- Improve Proof-of-concept alignment/casing

« Deep Learning with experimental labelled dataset



Questions
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