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Part |. Motivation

Bukat, Alicja, Marek Bukowicki, Michat Bykowski, Karolina Kuczkowska, Szymon Nowakowski, Anna Sliwinska, and tucja
Kowalewska. 2025. “GRANA: An Al-Based Tool for Accelerating Chloroplast Grana Nanomorphology Analysis Using Hybrid
Intelligence.” Plant Physiology 198 (2): 1-16.



Structural parameters in grana
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grana detection

mask parameters extraction

shape estimation measurement

= multiple TEM images = grana masks = orientation = height = detected grana masks
(proper magnification, = area = diameter = GSI = grana parameters
one experimental variant) = perimeter = no of layers = SRD = plots for aggregated data
= scale
shape estimation mode grana measurement mode

N
n° of thylakoids

v

diameter

fully automated (& analyses

orientation

parameters detection/calculation

final qual che
= quality of mask

= proper orientation

= proper period
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Results

ID area[nm”2] diameter [nm] SRD [nm]".

1 235843 563.7 225
2 168122 561.6 215
3 159770 710.3 211
4 147683 782.6 219
5 165876 616.5 226
6 449304 7522 211
7 67077 505.2 214

human data assessment

Hybrid Intelligence



Period (SRD) Estimation Problem Statement

e Given an image of an individual granum
o cropped from TEM
o aligned horizontally
e Estimate the average period length (Stacking Repeat Distance, SRD) in pixels

e \We note considerable amount of variability even amongst humans
e Data: 339 annotated images
e In Machine Learning, such an amount is considered insufficient



Progressive Model Growth

e \We note insufficient amount of
annotated real data

e We train model in stages
o artificial data, very simple, 200 epochs
o noisy artificial data, 460 epochs
o artificial data+real-data masks+image
augmentation, 550 epochs
o real datatimage augmentation, 430
epochs

e By using artificial data, we were able
to overcome the problem of
insufficient data.
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Part |l. Estimating parameters
of crystals in PLBs
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Membrane crystals in PLB
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Triply Periodic Minimal Surface Model

TEM

microscopy image

computed projection

Hain, Tobias M., Michat
Bykowski, Matthias Saba,
Myfanwy E. Evans, Gerd
E. Schroder-Turk, and
tucja Kowalewska. 2022.
“SPIRE-a Software Tool for
Bicontinuous Phase
Recognition: Application
for Plastid Cubic
Membranes.” Plant
Physiology 188 (1): 81-96.



Current manual process - real PLB

(Hain...& Kowalewska, 2021)



Current manual process - sections into monocrystals

(Hain...& Kowalewska, 2021)



Current manual process - overimposing SPIRE

(Hain...& Kowalewska, 2021)



Current manual process - bottleneck

TEM *SPIRE

D

microscopy image computed projection



New automatic process - solution to too few data

hyperrealistic

M image computed projection



New automatic process - solution to too few data

*SPIRE

This process can generate
unlimited amounts of images that
are hopefully
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Neural network trained ONLY on noised synthetic data from SPIRE

uc_scale_ab
0.06 - 10-90% quantile range
25-75% quantile range
—— RMSE

0.059 ___ mag
‘= 0.04
S
w
5 o003
5
=
w

0.02 4

0.01 4

0.00 T T T T

0.0 0.2 0.4 0.6 0.8

Strength: 0.0

Strength: 0.25

Microscopic Noise Strength

1.0

Error, GT €[0,1]

Distortion Progression (Strength 0.0 -> 1.0)

Strength: 0.5

channel_vol_prop

10-90% quantile range
25-75% quantile range
0.071 —— RMSE

-=-- MAE

-
-

0.0 02 04 06 08
Microscopic Noise Strength

1.0

Strength: 0.75

Strength: 1.0

Direction

Error (degrees)
ES

10-90% quantile range
25-75% quantile range
RMSE

mean error

-
-------------

02 0.4

0.6 0.8

Microscopic Noise Strength

1.0



Neural network trained ONLY on noised synthetic data from SPIRE
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Neural network trained ONLY on noised synthetic data from SPIRE

Arabidopsis thaliana (rzodklewmk pospollty)
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Domain Gap Visualization
Artificial +Noised
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Part Ill. Generation

e Data
o Millions of images from SPIRE

o Object detection with YOLOv11 to isolate PLB crops in real TEM
Images resulted in 2957 real images.

e Aligning synthetic and real image distributions without paired data.

(We don’t have corruption model needed in inverse problems)

In inverse problems, the goal is to recover an unknown sample z ¢ R™ from a distribution px, assuming access to
measurements 7 ¢ R™ and a corruption model

Y = A(X) + 0,2, Z~N(0,1,).


https://drive.google.com/drive/folders/1cGxkhG54NtSyYmvnO2TiiFkkY6THSPmn?usp=sharing

Aligning synthetic and real image distributions
without paired data

CycleGAN: a method for unpaired image distributions

Paired _ Unpaired

{ ’ S : . : ‘ : : Fub 7y
Y n
: \
{ Corruption model

image edited fro - ng Park, Phillip Isola, and Alexei A. Efros. 2017. “Unpaired Image-to-Image Translation Using

Cycle-Consistent Adversarial Networks.” In 2017 IEEE International Conference on Computer Vision (ICCV), 2242-51. |IEEE.




GANSs

Synthetic
data
sample

Generator is trained to
map a noise sample to a
synthetic data sample

that can "fool" the
discriminator

Discriminator is trained to
distinguish real data
samples from synthesized

samples

Noise Real data
source sample

image reproduced from Creswell, Antonia, Tom White, Vincent Dumoulin, Kai Arulkumaran, Biswa Sengupta, and Anil Bharath. 10 2017.
“Generative Adversarial Networks: An Overview.” IEEE Signal Processing Magazine 35. https://doi.org/10.1109/MSP.2017.2765202.



Aligning synthetic and real image distributions
without paired data

CycleGAN has
e two GANs and
e additional cycle-consistency loss components
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image reproduced from Zhu, Jun-Yan, Taesung Park, Phillip Isola, and Alexei A. Efros. 2017. “Unpaired Image-to-Image Translation Using
Cycle-Consistent Adversarial Networks.” In 2017 IEEE International Conference on Computer Vision (ICCV), 2242-51. |IEEE.



Current Results - need improvement

Artificial +Noised Hyperrealistic???




Properly trained CycleGANs achieve
Impressive results

zebra — horse

image reproduced from Zhu, Jun-Yan, Taesung Park, Phillip Isola, and Alexei A. Efros. 2017. “Unpaired Image-to-Image Translation Using
Cycle-Consistent Adversarial Networks.” In 2017 IEEE International Conference on Computer Vision (ICCV), 2242-51. |IEEE.



Properly trained CycleGANs achieve
Impressive results

orage -5 appl'e

image reproduced from Zhu, Jun-Yan, Taesung Park, Phillip Isola, and Alexei A. Efros. 2017. “Unpaired Image-to-Image Translation Using
Cycle-Consistent Adversarial Networks.” In 2017 IEEE International Conference on Computer Vision (ICCV), 2242-51. |IEEE.



Part |V. Future work

e This approach is universal
o can be used to revisit period detection in GRANA tool

o we hope to find other datasets of biological origin with few annotated
samples



Other structures amenable to analysis

Scale-worm

PRIMITIVE

(Deng and Mieczkowski 1998)

GYROID

(Almsherqi et al. 2021)
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Endoplasmic Reticulum of luminous epithelium

DIAMOND

(Bassot and Nicolas 1995)



