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GPU accelerated image processing in life sciences
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GPU accelerated image processing in life sciences

Raytracing enables differentiating surface and sub-surface mesh nodes | /

Surface neighbor Sub-surface
3D stack input Neighbor mesh mesh neighbor mesh Merge
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Image processing in life-sciences

 State-of-the-art software for more than 20 years: Image] / Fiji

File Edit Image Process Analyze Plugins Window Help
Eolc|o| /<~ Ala|m a] ofs|u) o] 4] 8@ o] 4]5]>

(Fui Is Just) ImagaJ 2.1.001.53c, Java 1.8.0_172 [64-bit];

Image data source: Daniela Vorkel, Myers lab, MPI-CBG/C
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OpenCL-based GPU-acceleration

GPU-acceleration? Learn the Open Computing Language (OpenCL)!

E File Edit View Mavigate Code Refactor Run Tools Git Window Help pyclesperanto_prototype - maximum_z_projection_x.cl O >

type = clij-opencl-kernels = kernels = = maximum_z_prejection_x.cl pytest for test_scaletest_scale_centered « > Gt ¥ v A ® Q

T E maximum_z_projection_x.cl

E __kernel void maximum_z_projection( vl oA v

= IMAGE_dst_max_TYPE dst_max,

- IMAGE_src_TYPE src 1

: » Mammgm

E‘_ const sampler_t sampler = CLK_NORMALIZED_COORDS_FALSE | CLK_ADDRESS_CLAMP_TO_EDGE | CLK_FILTER_NEAREST; IntenSIty
projection

= const int x = get_global_id(0);

z const int y = get_global_id(1); along £

& float max = ©;

IEE for(int z = 8; z < GET_IMAGE_DEPTH(src); z++)

{
POS_src_TYPE pos = POS_src_INSTANCE(x,y,z,0);

@ Tloat value = READ_src_IMAGE(src,sampler,pos).x;

= if (valve > max || z == 8) {

£3 max = value;

i }

. }

= POS_dst_max_TYPE pos = P0OS_dst_max_INSTANCE(x,y,0,8);

E WRITE_dst_max_IMAGE(dst_max, pos, CONVERT_dst_max_PIXEL_TYPE(max));

* }

H Git :(=ToDO @ Problems Terminal % Python Console €) Event Log
[C] Cannot Run Git: Git is not installed // Downlead and Install (2 minutes age) 23:1 CRLF UTF-8 4spaces Python 3.8 (pyclesperanto_prototype) [ master ‘ia
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User-friendly GPU-acceleration

i e
File Edit Image Process Analyze Plugine Window Help
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x=90.14 (130), y=T0B.65 (1022). z=36 (32), value=133

5% Lund_12_zah.tif 175%) n x

Image data source: Daniela Vorkel, Myers lab, MPI-CBG/C
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Performance depends on operation, image size, parameters, hardware, ...!
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- GPU-accelerated image processing

Performance depends on operation, image size, parameters, hardware, ...}
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GPU-accelerated image processing

Speedup compared to Laptop CPU
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Checklist: When does GPU-accelerated image

processing make sense?

In order to accelerate your image analysis workflow

« The pre-existing workflow should be slow; ideally:
(processing time / loading time) > 10,

 asingle processing step
(rule of thumb: image size in GB x4)
should fit in your graphics card memory,

If you really want to get the most out of it, you should
own a graphics card with GDDR6 memory (memory
bandwidth > 400 Gb/s).

Comparison: common DDR4 memory has a
bandwidth of about 40 GB/s

Robert Haase
@haesleinhuepf
BIDS Lecture 7/14
May 14th 2024

Disclosure: | don't receive any money or
anything from any GPU vendor.
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Processe: pp histor
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GPUs allow real-time image processing

GPUs are specialised in processing, very fast thanks to many cores and fa
memory access
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Data transfer takes time

Data transfer is the bottle neck

Push
data
35 Data transfer to GPU Data transfer from GPU
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https://clij.github.io/clij-benchmarking/benchmarking_operations_jmh

Build workflows consisting of many operations

GPU acceleration may suffer from data transfer between CPU and GPU
Central Processing Unit (CPU) Graphics Processing Unit (GPU)

l %\‘
Gaussian blur filter :
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Optimal performance through smart memory

management
Example workflow processing a Drosophila melanogaster embryo, histon

p I segmentator
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Build workflows consisting of many operations

GPU acceleration may suffer from data transfer between CPU and GPU
Central Processing Unit (CPU) Graphics Processing Unit (GPU)
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Python Jupyter Notebooks L

TU Dresden

 Image processing using pyclesperanto

import stackview
import pyclesperanto_prototype as cle
from skimage.io import imread

image = imread("c:/structure/data/Lund 18.8 22 .8 Hours-ll-resampled.tif").swapaxes(1,2)

background_subtracted = cle.top_hat_box(image, radius_x=5, radius_y=5) nuclei = cle.voronoi otsu labeling(background subtracted, spot sigma
background_ subtracted nuclei

cle._image cle._image

700 . 0
dtype float32 i
0 - 50 dtype uint32
_ size 134.6 MB 100
100 500 size 134.6 MEB
400 rnin 0.0 e
200 » 200 min 0.0
_— max 790.0 0
200 w0 max 1756.0
104
350
, @haesleinhuepf https://github.com/clEsperanto/pyclesperanto_prototype E'E?\I;IENRIEFFAI% 1
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Python Jupyter Notebooks ) PoL,

TU Dresden
° Wh e n WO rki ng O n th e Untitled44.i... (auto-R) - Jupyter. X + e . ) A

& - C @ localhost:8888/lab/workspaces/auto-R/tree/Untitled44.ip ynb Q © W » El
cluster / Jupyter Hub, € 7 ¢ @rars ik * - =
File Edit View Run Kernel Tabs Settings Help

COHSIdeI’ US|ng - B t C W Untitledd4.ipynb x | + .
. . pRE— Bimloy B + X O 7 » m C » Code v & Python 3 (ipykernel) O
stackview instead of a] :
. . . ./ stackview.curtain(image, nuclei, continuous_update=True)
napari for inspecting )
i= | Name 2 Last Modified

i m ages i N 3 D W Untitled30.i... 5 monthsago =

9 @ Untitled31.i.. 4 months ago
®| Untitled32.i... 4 months ago
m| Untitled33.i... 4 months ago
A Untitled34.i... 4 months ago
A Untitled35.i... 4 months ago
®| Untitled36.i... a month ago
R Untitled37.i... a month ago
* A Untitled38.i... a month ago
- [A] Untitled39.i... 10 days ago
E * W Untitled4.ip... 8 minutes ago
* @ Untitled40.i... 7 days ago
* W] Untitled41.i... 7 days ago Fhice i
+ A Untitled42.i... 6 days ago Curtain 355 -
’ Simple 0O B 8 & NoKernel|ldle Mode: Command @ Ln1,Col1 Untitled44.ipynb
I
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cupy

CUDA-based GPU-accelerated [image] data processing in Python

vV = (m} X e —
%y CuPy: NumPy & SciPy for GPU X + O cupyfeupy: MumPy & SciPy for G X +

&« - C 8 cupydev Q 2 % % & 0O Q : « => C & github.com/cupy/cupy/ o @ 2 % % & 0O 0 :

= 0 cupy / cupy Q + -~ [|O 1Y @. e

<> Code (%) Issues 451 [ Pull requests &3 ® Actions [ Projects 3 0 wiki

:&,r cupy Public

) Sponsor Q{ Edit Pins « & Watch 128 ~ % Fork 707 v Starred 7.1k b

¥ main ~ Go to file Add file <> Code ~

P Branches © Tags

& cupy.dev

q% takagi Merge pull request #75.. .. @ 5hoursago ¥%)27.440
python gpu numpy cuda
.github Merge pull request #7739 fro... yesterday cublas scipy tensor cudnn
NumPy/S co Dl brary C rated Comput
- i o ) ) rocm cupy cusolver neel
pfnci add FlexCl project configs ast month
curand Cusparse nvric
cupy Merge pull request #7739 fro... yesterday cutensor nvtx cusparselt
« GET STARTED & APl REFERENCE O GITHUB cupy_backe... Merge pull request #7663 fro... ast month o
Readme
https://github.com/cupy/cupy/pulls L ) ] -

= o)
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drop-in replacement for numpy and scipy

The API of some cupy packages is close to the scipy/numpy API.

This allows easy switching from scipy to cupy.

import scipy.ndimage as ndi import cupyx.scipy.ndimage as xdi

- However, image data still needs to be
pushed to GPU memory.

xp_image = xp.asarray(image)
ndi.gaussian_filter(image, sigma=5) xdi.gaussian filter(xp image, sigma=5)
—| RohbertIH'aise ; TECHNISCHE <
ScaDS.Alll cemeer, Slide 22 UNIVERSITAT £i7 0 iavzic
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Common patterns

To make code independent from cupy availablity, while minimizing if-else
blocks, some common design patterns emerged:

try: If this fails

because cupy is
not installed,

import cupy as xp

except:

import numpy as xp available.

This will execute
and xp will be

import numpy as np We can still use

np anyway.

The same pattern works with scipy.ndimage

try:
import cupyx.scipy.ndimage as xdi
except:

import scipy.ndimage as xdi

import scipy.ndimage as ndi

Robert Haase

ScaDSAN S

DRESDEN LEIPZIG May 14th 2024
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Common patterns

You can then call magic code like this, which will do different things
depending on cupy-availability.

e If cupy is available: * If cupy is not available:

frrr = AtoEndi T 0. iis bl i Serer = Avoendi UL ... iorn bl i
xp_image = xp.asarrayf(image) xp_image = xp.asarray(image)
type(xp_image) type(xp_image)

cupy.ndarray numpy .ndarray

Robert Haase
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Common patterns

Some if-else blocks are hard to avoid * Stackview aims to be cupy/numpy agnos

if np == xp:
np_image = xp_image . . ) . )
else: xp_blurred = xdi.gaussian_filter(xp_image, sigma=5)
np_image = xp.asnumpy(xp_image)
stackview.insight(xp_blurred)

imshow(np_image)

shape (254, 256)

<matplotlib.image.AxesImage at
0x24692ef85e0>

dtype uints
:0 size 63.5 kB
T" min 35
;: max 237
Robert Haase _
Sca Ds.ﬁl BIDS Lecture 7114 httos://github.com/haesleiﬁ'ﬁiﬁépf@aﬁ(l:\ll-lENnglcT%% G | uyeRsiar
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Custom kernels

CUDA is also just C. You can write custom cupy kernels using simple

syntax.

T represents the imagg

squared difference
Tx, Ty',
'T z',
'z = (x - y) ¥

'squared_difference')

cp_image = cp.asarray(image[1l:], dtype=np.float32)
imagel = gaussian filter(cp _image, sigma=3)

image2 = gaussian filter(cp _image, sigma=7)

= cp.ElementwiseKernel(

Function call
using cupy-

sqdiff = squared_difference(imagel, image2)

parameters

(x - y)', Math / CUDA arrays as stackview.insight(sqdiff)

parameters ! shape (253, 256)

code

dtype float32

. me size 253.0 kB
it 5000 min 3.0791853e-08

o max 7801.2026
2 2000

ScaDS.AIl
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Image Processing CPU vs. GPU

e Requires
Performance versus compat OpenCL
R 8 GPu _
DO/
Y

Requires
Nvidia

® ITK

Required for
3D processing

Processing performance

Scikit-
image

Device compatibility

Robert Haase
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Tiled image processing

Robert Haase
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Optimal performance through smart memory management

The classical way of dealing with large image stacks...

Robert Haase
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Optimal performance through smart memory

management

The classical way of dealing with large image stacks... is suboptimal

-> Preprocessing >
-> Preprocessing >
-> Preprocessing >
-> Preprocessing >
-> Preprocessing >

This strategy does not
just take long; it also
costs a lot of memory!

Robert Haase
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Optimal performance through smart memory management

Processing time-point by time-point is more efficient!

This strategy also
works tile-by-tile on
large 3D stacks!

Robert Haase
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Optimal performance through smart memory management

Even better: Distribute tasks between parallelized computation systems

p LLEEL
p LRI oo P seseraion P g
p LRI oo P seseraion P g
p LRI oo P seseraion P g
p LRI ersomaion P sesreraion Y g
P JLREELP) oo Y sesrerin D g

Robert Haase
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Optimal performance through smart memory

management
Even better: Distribute tasks between parallelized computation systems

p pgthon For this strategy,

advanced

programming skills are

r' dask necessary. -

MumPy & 5ciPy for GPU
Segmentation
~1e. Pyopencl/

Robert Haase
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Tiling

The last perimeter against big data

o s N I gy - Iftheimage is too large for the computer
memory, image processing as a whole is not

%\\\\\\\N possible.

e

))) ‘ A\
b, N

,/) . \
= A\
7B\l
0 i

\_/ <)

ﬂMW%%M§g%%%%my
= //

- O * [0 CLUxt_gaussianBlur3D_result3 - [m] X
512x512 pixels; 8-hit; 256K
—

-

1 T
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)

)
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=
2

_

_
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N
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ALY
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NN\
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L : A
Processing tile-by-tile poses new NN

challenges
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Tiling

Example: Gaussian blur (sigma = 20)

Solution: Process with overlapping tiles (size + margin)

Margin: O pixels Margin: 10 pixels

[ CLUxt_gaussianBlur3D_result3 O X
512x512 pixels; 8-bit; 256K
3 =

[ CLUxt_gaussianBlur3D_result6
512x512 pixels; 8-bit; 256K

-

-

m}

X

Optimal margin size
depends on algorithm
and its parameters

Margin: 20 pixels
[ CLUxt_gaussianBlur3D_resultd - m} X
512x512 pixels; 8-hit; 256

Robert Haase
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Tiling

Example: Gaussian blur (sigma = 20 pixels)

Solut|(\n Draracc with r\\lorlnnnlqg t||

[UF grey_spirals-2.tif O X
= —aninnnnn
= e\
Z %Zi:— == \\\\\ W
&22"32 == Al W
AN\
7772z N\ hy
Tiiizzg= s
7, NI,
Wi & 22/,
i S S )
MM\ =
WIS Z777
B TR ===
AT s
S
NNNNNNSSSSS=———r

Robert Haase

ScaDSAN S

DRESDEN LEIPZIG May 14th 2024

Computation time
depends on tile size and
margin width

Margin: 10 pixels
Size: 2.7x original

Tile
32x32 pixels
52x52 pixels
72x72 pixels
TECHNISCHE <7
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Tiling

Some algorithms are hard to solve by processing tiles touch and combine

Example: Connected component analysis them is feasible.

CLI2 threshold... — O X CLU2 connected... — O X CLIkxt_connecte... — O X
266x254 pixels; B-hit, 64K 2h6x254 pixels; 32-bit; 254K 2h6x254 pixels; 8-hit; 644

Robert Haase
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Tiling

Some algorithms are hard to solve by processing tiles

There are algorithms for [
that, but hardly available §

Example: Connected component analysis tools.

binary_spirals.tif
512x512 pixels; 8-hit; 256K

= O x CLU2_connectedComponentsLabelingBox_result36 - O X CLUxt_connectedComponentsLabelingBox_result57 = O x
512x512 pixels; 32-bit 1MB 512x512 pixels; 8-hit, 256K

Sca Dsﬂ
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Tiled image processing in Python

Key: tiled file formats, for parallel, distributed, lazy loading

| = | P1_H_C3H_MO004_17-cropped.zarr - O * After executl ng
H 5h vi v 1 1
e __San e ° this, no pixel has
~ v A <« data » P1_H_C3H_MOM_17-cropp... v O Search P1_H_C3H_MO004_17-cropped.zarr 2
Dla_setting_up_local_envirenment ~ [0 Mame " Type Size “ been read yet'
01b_setting_up_sc_ulei_environment D zamay ZARRAY File 1 KB , .
Dlc testing environment [ 0o S File . zarr_image = da.from_zarr{zarr_filename)
02a_remote files D 0.1 1File TKE zarmr imEEE‘
02b_meta_data (102 2 File 1KB -
03a_pull_requests D 03 3 File TKB
. . [70a 4 File 1 KB
03b_image_processing D 05 - . A .Ch k
Oic_fdependency_man-agement D 0:6 & File 1 KB rra}; un
0da_image_segmentation D 07 7 File 1KB
g notebocks Cos orie e Bytes 9.54 MiB 9.77 kiB =
05a_surface reconstruction D 0.9 9 File 1EKB D
05b_quality_assurance 1010 10File 1KB ™
05¢c_feature_extraction D 0.11 11File 1K Sha PE [:2 D'::H::].' E'DI:I D] [:1 DCI.- 1 DD}
06 chatbots [7 012 12 File 1 KB
B _ [ 013 13 File 1KB )
072.gpu_acceleration [ 0.14 14 File 1K8 Dask graph 1000 chunks in 2 graph layers
hd O7hb_tiled_image_processing D 015 15 File 1 KB
{ipynb_checkpeints [ 018 16 File 1KB )
W data [ 017 17 File 1KB Data tyPE u IntE num p'_-,.-'.r'idEI rral.'l‘ll
P1_H_C3H_MO04_17-cropped.zart - [1 0.8 18 File 1KB <
1,001 items IEI
Robert Haase
S DS AI @haesleinhuepf Slide 39 TECHNISCI.'I.E | UNIVERSITAT
Ca . I BIDS Lecture 7/14 UNIVERSITAT LEIPZIG 3
DRESDEN LEIPZIG May 14th 2024 DRESDEN o

(o)



Tiled image processing in Python

Key: tiled file formats, for parallel, distributed, lazy loading

plate.ome.zarr/row/col/welI/image/resolution/t/c/z/y/x

L N
Chunk coordinates
a Image pyramid
"""""""""""""""""""""""" g
Plate > Well : Resolution levels Compressed chunk
- _-_--:-—-@ Downsamplings: 0.3 GB E,"’
B ) : e
B B 5 =t =
~ - ' |
e B (7
m v S. g 3: P : ) |V
'1—1 - . X .- '
Qéﬁ}{ --------------- St
’ 1L ' 1 MB
10 GB : T Full resolution: 1 GB :

2560 x 1822 2560 x 2430 2560 x 2180 2560 x 2160 256 x 256

Rohbertll—[aise ) Figure taken from Moore et al, licensed CC-BY 4..0 TECHNISCHE '
ScaDs. A|| Snaesennuer! . https://www.biorxiv.org/content/10.1101/2023.02.17.528  Slide 40 UNIVERSITAT & [ [ UIVERSITAT
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Lazy processing

After executing
this, no pixel has

been read yet,

tile map = da.map_blocks{count nuclei, zarr_image)

tile map

Processing image of size (@, 8)

(1, 1)
Processing image of size (1, 1)
(1, 1)
Array Chunk
Bytes 76.29 MIB 78.12 kiB
Shape (2000, 5000) (100, 100)
Dask graph 1000 chunks in 3 graph layers
Data type float64 numpy.ndarray

5000

2000

Tiled image processing in Python

After that,
results are

avaialble

result = tile map.compute()

size
size
size
size
size
size
size

Processing
Processing
Processing
Processing
Processing
Processing
Processing

image of
image of
image of
image of
image of
image of
image of

(108,
(108,
(108,
(108,
(108,
(108,
(108,

Robert Haase
@haesleinhuepf
BIDS Lecture 7/14
May 14th 2024
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Tiling with/out overilap

Processing of images in tiles: artifacts ad tile borders

0 0
tile map = da.map blocks(procedure, tiles)
50 50
S5 result = tile map.compute() 6
—

150 150

200 200

250 0 250

0 50 100 150 200 250 0 50
50
100
150
200
Robert Haase e
%0 UNIVERSITAT
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Tiling with/out overilap

Processing of images in tiles: artifacts ad tile borders

0 overlap width = 1
tile map = da.map_overlap(procedure, tiles, depth=overlap width)
50
result = tile map.compute()
100
proceduring (128, 128) proceduring (138, 138) proceduring (158, 158) proceduring (168, 168)
0 0 0 0

150

200 50 S0 S0 S0

250 100 100 100 100
0 50 100 150 200 250

150 150 150 150

200 200 200 200

250 20 250 250

0 50 100 150 ; 0 50 100 150 d 0 50 100 150 2C 0 50 100 150 200 250

sum difference 1.5282188531 sum difference 2.89816790988 sum difference -6.8857617838 sum difference 6.8
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Methods for comparing
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und Forschung

measurement methods @ |t
Robert Haase

Diese MaBnahme wird gefdrdert durch die Bundesregierung
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Method comparison studies

Scenario

«  You work in alab and try to improve procedures ~ Unpaired data
» Analyze independent sample sets
« Conclude about their similarity or relationshi

* Chemical protocols
» Sample preparation

* Analysis protocols Inferential statistics
«  Physical measurements
* Imag alysis

Paired data
« The same dataset analyzed twice with different methods

« The same dataset analyzed twice with the same method

Direct method comparison -descriptive statistics

Robert Haase
: TECHNISCHE
@haesleinhuepf . )
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Method comparison studies

Martin Bland and Douglas Altman work on Method Comparison (excerpt)

The Statistician 32 (1983) 307-317
© 1983 Institute of Statisticians

Measurement in Medicine: the Analysis of Method
Comparison Studiest

D. G. ALTMAN and J. M. BLANDZ

Division of Computing
Research Centre, Wat
I Department of Cliniy |
St George’s Hospital |

Copyright]. Martin Bland and Douglas G. Altman.

THE LANCET —

Volume 327, Issue 8476, & February 1986, Pages 307-310

Measurement

STATISTICAL METHODS FOR ASSESSING
AGREEMENT BETWEEN TWO METHODS OF
CLINICAL MEASUREMENT

. Martin Bland * ®, DouglasG. Altman = ®

Show more

+ Add to Mendeley of Share 99 Cite

https://doi.org/10.1016/S0140-6735(86)90837-8 » Get rights and content »

N cCited by (40162)

Robert Haase

@haesleinhuepf https://www-users.york.ac.uk/~mb55/meas/ab83.pdf (Open Access)
S Ca D S. AI BIDS Lecture 7/14 https://doi.org/10.1016/50140-6736(86)90837-8
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Comparison of means

Comparing mean measurements appears reasonable on the first view.

Difference of Method A
means ‘

AV =100 ums3

»
»

- >
< >

Frequency

v

500 600 700
pm3 pm3 um3
Cell volume V

Robert Haase
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Comparison of means

Are two methods doing the same if their mean measurement is similar?

A B
| 4 Mean(A) = 5.8 < What if mean values were
0 5 Mean(B) = 5.8 “very" different?
7 5
1 7
2 4
8 5
9 4
2 6
1 6 Method B cannot _mmeans —
7T 5 replace method A necessary condition,
3 4 but is it sufficient?
ScaDSAIl . o Q) SRRy (0 e
May 14th 2024 DRESDEN i
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Comparison of means

Are two methods doing the same if their mean measurement is similar?

A B

1

e =

=] [ I = T = = N
B L = 1 = e < . D & s B =

Mean(A)
Mean(B)

= 5.4d
= 5.9

« Draw histograms! How can two methods do the same if histograms from their
measurements are different?

Count

40

35

3.0

25

20 A

151

104

05

00+

T T
2 4 & 8 10

Measurement A

Sca Dsﬂ
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. . . _
Similar means is a

necessary condition,

40

354

304

251

201

151

Count

10 1

0.5 4

0.0

T
0 2 4 & B 10

Measurement B

but it is NOT sufficient!

The scientific method: Show that a method
doesn’t work with just one example. And you
have proven that the method doesn’t work
in general.
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Correlation

Are two methods doing the same if they correlate?

« Correlation: Any kind of relationship.
* Measurable; e.g. using Pearson's Correlation Coefficient r enumerated linear correlation.

Comparison of two methods of measuring

systolic blood pressure (Data taken from 1)

Expectation E

Mean average [

220 — I —
e E(X — ux)(Y — uy) Standard
200 1 // r(X,Y) = L
e v | Ox Oy deviation o
e
S, 180 *® . o

T e

160 [ ]
« In practice E is the weighted sum:
140 1 S . Number of
e 5 (x — ux)(y — py) measurements
120 s . : : XEX,yEY n
120 140 160 180 200 220 r(X ) Y) = n
X OxOy

Sca Dsﬂ
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Robert Haase
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Correlation

Are two methods doing the same if they correlate?
« Correlation: Any kind of relationship.

- Measurable; e.g. using Pearson's Correlation Coefficient r enumerated linear correlation.

Comparison of two methods of measuring
systolic blood pressure (Data taken from 1)

220

Einy

e
@\ .
o l
c 200 /:/ .
< P . 4
GE) 180 * . 0
o [ ]
-] . .
o 160 °
v [ ] [ ]
= 140 - ;e ¢
A & = )y — py)
T T T T EX, ey
Eﬂlzn 140 160 180 200 220 T(X ) Y) = XELY n =0.94
OyO
Measurement 1 X7y
Robert Haase I
Il i TECHNISCHE i
@haesleinhuepf L. ) il £ g
ScaDS.Alll sosecireTne " Altman & Bland, The Statistician 32, 1983 "' UNIVERSITAT
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Correlation: Pearson’s r

, , 2-dimensional normal
Pearson's r lies between -1 and 1 distribution

« 1: Positive linear correlation
« 0: Nolinear correlation
« -1: Negative linear correlation

)

1 0.8 0.4

s://en.wikipedia.org/wiki/Pearson_correlatj
t#/media/File:Correlation_examples2.syg

E

<
m
el
2

Icle

A
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Correlation

Are two methods doing the same if they correlate?
« Correlation: Any kind of relationship.
- Measurable; e.g. using Pearson's Correlation Coefficient r enumerated linear correlation.

Comparison of two methods of measuring The scientific method: Show that a
systolic blood pressure (Data taken from 1) method doesn’'t work with just one

20 — example. And you have proven that
~ e the method doesn't work in general.
£ 00 s Measurement 1 is
O & almost always larger
= 180 A . .
v e * than measurement 2
> {,f . .
n
© - ¢ “Positive linear correlation”
= 140 - ,/;f- "

[
Pl O C 59 G
Eﬂlzﬂ 140 160 180 200 220 r(X ) Y) = e n =0.94
Measurement 1 Ox9v
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Correlation

In order to evaluate the difference between two methods, you should visualize them firs

“The purpose of computing is insight, not numbers.”, Richard Hamming

Scatter plot

220

200 1

180 +

160 {

Measurement 2

140

120

[ ]
[ ]
Difference of
measurement

I
120 140

1 I 1
160 180 200 220

Measurement 1

Bland-Altman plot

25 1

20 1

. .
.
o .
. .
™ b s *
............ T —
. . o
. .
.
.
. ™
* . b
1 1 L) L)
1440 1640 180 200

Average measurement
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The confidence interval

“The British Standards Institution (1979) define a coefficient of
repeatability as ‘the value below which the difference between two single
test results ... may be expected to lie with a specified probability; in the
absence of other indications, the probability is 95 per cent’.”

s S
. | S .
The confidence interval C/ of agreement “ € .
20 1 [ ]
8 GE) 15 A ] [ ]
qc) &J » [ ] s °®
o D 1 L 5
Cl=((u—20,u+20 v n . . .
j _#N ) E g 5 .+ * . . ’ ’
Mean Standard deviation @ @ ¢
difference of differences T e
llef{I 1E:{I 1E|{I EEII{I
The mean difference between Average measurement

the methods (“offset”
Robert Haase ( ) TECHNISCHE ,
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difference

Bland-Altman plots in practice

Depending on the shape of the point-cloud, different systematic bias

might be present.

Agreement with a given

Absolute error or “offset”
random error

20 ° 5 4

ISP R
@&
15 . 0 ° W ¢ -
@
o e © @ .‘ g
10 1 * e . -5 - o, 00 0%
o o R @ ® . °® o o °
® y. )
5 8] o L i .. o 10 ° - .. (]
o« S%F 0 R | 4 e
L4 F g Is] o 'Y o @ &
R IR U, 7 SP LA, & -15 - ' o °
e t, 0% ¢ 5 e o 2 &
o ° b ® o ® 'Y 8 ° ° ®
-5 s S5 ° -20 ol ® ® e
o L ° L °
® ® .. L N L] ® s ¢ L)
-10 ° ° o : ® ° i, 3 - ® e
e® = s} ®
- - ®
L e -30
[ ] @
T T T T T T T T T T T T T T T T
160 180 200 220 240 260 280 300 180 200 220 240 260 280 300 320
average average

difference

Relative error

T T T T T T T T
200 220 240 260 280 300 320 340
average

Robert Haase
@haesleinhuepf
BIDS Lecture 7/14

Sca Dsﬂ

https://haesleinhuepf.github.io/BiolmageAnalysisNatedssok

DRESDEN LEIPZIG May 14th 2024 stics/bland_altman_simulated data.html

TECHNISCHE SEal 4 | UNIVERSITAT
@iﬂﬂm 2L EIPZIG
DRESDEN

5
c


https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/41_descriptive_statistics/bland_altman_simulated_data.html
https://haesleinhuepf.github.io/BioImageAnalysisNotebooks/41_descriptive_statistics/bland_altman_simulated_data.html

Bland-Altman plots in practice

Comparison: Imagej versus GPU-accelerated script
to measure intensity in the nuclear envelope of a
nucleus

Scatter plot Bland-Altman plot

Bioimage Data Analysis Workflows - Advanced Components and Methods pp 89-114 | Cite as
1.0 F——=—— e -
52 T s
¥ T 0.8+ . o
Home > Bioimage Data Analysis Workflows — Advanced Components and Methods > Chapter 50 | E
GPU-Accelerating ImageJ Macro Image Processing = = 061
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Exercise: GPU-accelerated image processing

Compare CPU processing speed with a GPU

simple

0 & {8} Python 3 (ipykernel) | ...

Saving comple...

Mode: Comm... @

two functions. How much faster is the one compared to
the other on your laptop? How much faster is it on clara?

Ln 1, C.. 60_benchmark_affine_transforms.i...

RTX 2080Ti
Tesla V100

hd 60 _benchmark.. (2) - Jupyterlz X = JupyterHub X + — O > ~ ~ 60 benck X = lupyter- X + — O b'e
<« c (@ localhost:8888/lab/tree/07a_gpu_acceleration/60_benchmark_affine_transforms.ipynb a % D a,l < c 23 lab.scuni-leipzig.de.. G2 +r D 9.,]
~ File Edit View Run Kernel Tabs Settings Help : JUpyterhUb e Chen ru0S6xgel & Logout
m Launc b c [ Launcher X | [®] bland_altman_analy X | [ 60_benchmark_affuxX | + .‘h
B + X0 [*] RunSelected Cells  Interrupt Kemel
Filter files by name Q '
o Exercise 1 " Resource selection
W / 07a_gpu_acceleration /
Memory
__ | MName - Last Modified Run the benchmark using different input sizes. Make the
T 10_cupy_basics.ipynb a day ago input image much smaller e.g. by skipping to every 2,3 4th 6GB v
W 11_cle_basics.ipynb a day ago voxel in }(,_Y and Z {redu_cmg the image size by factor 8, ?7, Number of CPUS
* ] 20_cupy_dropin_replacement.ipynb a day ago ©4). In which case does it make sense to use a GPU and in
' o which not? - v
(M| 30_cupy_filtering.ipynb a day ago
(M| 40_cupy_custom_kernels.ipynb a day ago Partition
m| A1_cle_custom_kernel_execution.ip... 3 day ago clara -
. |E| b60_benchmark_affine_transforms.i... seconds ago E .
O maximum_z_prajection.cl 9 months ago Xercise GPU
7| readme.md a day ago Go back 2 weeks to the exercise where we compared No GPU . d
Voronoi-Otsu-Labeling in two libraries. Benchmark these No GPU
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Exercise: Tiled image processing

Apply background-
removal to an image
in tiles. Determine
the overlap width
that's necessary to

have artifact-free
results.
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o

)

- tiling_image... (3] - Jupyterlab X ar

c @ localhost:B888/lab/tree/07b_tiled_image_processing/tiling_images_with_averlap.ipynb

File Edit View Run Kernzl Tabs Settings Help

v Launc 1t e}

‘:'e files by name Q

W / 07b_tiled_image_processing /

Name - Last Modified
B data 3 day ago
M| readme.md a day ago

= || tiled_image_file_formats_zarripynb 17 minutes ago

« ] tiled_nuclei_counting.ipynb 9 minutes ago

« [A] tiling_images_naive_approach.ipynb 6 minutes ago

- |E| tiling_images_\

seconds ago

Simple 0 4 &

Python 3 (ipykernel} | Idle

Q *x O

PN

[ Launcher X [®] tiled_image_file_forma X | [A] tiled_nuclei_counting.ij X A| tiling_images_with_ove X | + g.q
B + ¥ O [9 RunSelected Cells Interrupt Kemnel Restart Kernel..  #
100 &

150

200

250

/] 50 100

sum difference 8.8

As you can see, for completely eliminating the border effect, we need to use an overlap of 25
pixels. This is obviously related to the procedure we applied. In our case, the Gaussian blur
used in procedure was configured with sigma=5 . As a3 rule of thumb we can say that in the
case of a Gaussian blur, the border width must be at least four times the configured sigma.
However, when using more complicated algorithms, there are no such rules. In general, it is
recommended to test tiled image processing on small images as demonstrated here and figure
out if artifacts appear and what error they may cause in a longer image processing workflow.

Exercise
Apply a top-hat background removal filter with radius 6 to the image and determind the overlap

width you need to apply for artifact-free images.

-

Mode: Command & Ln1,Col1 tiling_images_with_overlap.ipynb m
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Exercise: Bland-Altman plots

Compare two measurement libraries: scikit-image versus SimplelTK

~ — bland_altman... - Jupyterlab X + = O X
R c @ localhost:8888/lab/tree/07c_bland_altman/bland_altman_analysis.ipynb a Im} a,l
_‘: File Edit WView Run Kernel Tabs Settings Help
[ vlaunc B3 * c & Launcher ® | [A] bland_altman_analysis.ipynb @ | + *ﬁ
| B + ¥ [ [7 RunsSelectsd Cells  Interrupt Kemel  Restart Kemel.. %
o Restart Kernel and Run All Cells... Code w  Python 3 (ipykemel) O -
B / 07c_bland_altman /
Name N Last Modified # draw a Bland-Altman plot
bland_altman_plot(measurement_1, measurement_2)
» M bland_altman_analysis.ipynb a minute ago plt.show()
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Exercise
Use napari-simpleitk and scikit-image to measure the Feret#s diameter of nuclei in the
skimage.data.cells3d dataset. Draw a Bland-Altman plot to compare both methods.
| o mArY SR
Simple 0 5 {8  Python 3 (ipykernel) | Idle Mode: Command & Ln1,Col1 bland_altman_analysis.ipynb m
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