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Follow-up: cupy

cupy was hard to make work. Consider using a GPU-runtime in Google Colab

https://colab.research.google.com/github/ScaDS/BIDS-lecture-
2024/blob/main/07a_gpu_acceleration/20_cupy_dropin_replacement.ipynb

Select 
GPU  

runtime

Install 
packages

https://colab.research.google.com/github/ScaDS/BIDS-lecture-2024/blob/main/07a_gpu_acceleration/20_cupy_dropin_replacement.ipynb
https://colab.research.google.com/github/ScaDS/BIDS-lecture-2024/blob/main/07a_gpu_acceleration/20_cupy_dropin_replacement.ipynb
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Follow-up: cupy

cupy was hard to make work. Consider using a GPU-kernel in Google Colab

Cupy installed 
per default

Modify URLs
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Quiz: Recap

What kind of label image 
is this?

Instance 
segmentation

Semantic 
segmentation

Sparse 
instance 

segmentation

Sparse 
semantic 

segmentation
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Terminology

Source: Allen Mouse Brain Atlas [dataset]. Available from mouse.brain-map.org. 
Allen Institute for Brain Science (2011).

Instance segmentation Semantic segmentation

Instances:
• Cells, nuclei, cats, dogs, 

cars, trees

Regions:
• Anatomical, geographical
• All pixels belonging to the same type 

of object have the same value

http://mouse.brain-map.org/
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Terminology

Annotations are typically drawn by humans (e.g. to train 
machine learning models)

Instance 
segmentation

Semantic 
segmentation

Sparse 
semantic 

annotation

Sparse 
instance 

annotation
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Image segmentation using thresholding

Recap: Finding the right workflow towards a good segmentation takes time

Image data source: BBBC038v1, available from the Broad Bioimage 
Benchmark Collection (Caicedo et al., Nature Methods, 2019].

https://bbbc.broadinstitute.org/BBBC038
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Image segmentation using thresholding

Recap: Combining images, e.g. using Difference of Gaussian (DoG)

Image data source: BBBC038v1, available from the Broad Bioimage 
Benchmark Collection (Caicedo et al., Nature Methods, 2019].

https://bbbc.broadinstitute.org/BBBC038
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Image segmentation using thresholding

Might there be a technology for optimization which combination of images can be used to 
get the best segmentation result?

?

Image data source: BBBC038v1, available from the Broad Bioimage 
Benchmark Collection (Caicedo et al., Nature Methods, 2019].

https://bbbc.broadinstitute.org/BBBC038
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Machine learning

Finds more and more applications, also in life sciences.

LabKit
https://imagej.net/
plugins/labkit/

Python / scikit-learn / 
napari / apoc

Trainable Weka Segmentation
https://imagej.net/plugins/tws/

Image data source: BBBC038v1, available from the Broad Bioimage 
Benchmark Collection (Caicedo et al., Nature Methods, 2019].

Deep 
Learning

Artificial 
intelligence

Machine learning

https://imagej.net/plugins/labkit/
https://imagej.net/plugins/labkit/
https://imagej.net/plugins/tws/
https://bbbc.broadinstitute.org/BBBC038
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Machine learning

A research field in computer science

Finds more and more applications, also in life sciences.

Deep 
Learning

Artificial 
intelligence

Machine learning

https://github.com/stardist/stardist

www.cellpose.org/

https://bioimage.io/

Logos and screenshots are taken from the github repositories / 
websites provided under BSD and MIT licenses.

https://github.com/stardist/stardist
http://www.cellpose.org/
https://bioimage.io/
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Quality
Classification
/ regression

P
re

d
ictio

n

Machine learning
Automatic construction of predictive models from given data 

Raw data

Model

Ground truthTraining

“Cat”

PCat= 0.5
PMicroscope= 0.4

Height = 80 
cm

Pixels, Objects, Images,

Object 
classification

Image 
classification

Dense 
Segmentation
/ Binarization

Instance segmentation Cont. quantity

Annotated 
raw data, 
usually 
generated by 
humans

Precision,
Recall

Audio, Text, Measurements, …
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Goal

Guess classification (color) from position of a sample in parameter space.

Adapted from https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html
© 2007 - 2019, scikit-learn developers (BSD License).

https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html
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Approaches

The right approach depends on data, computational resources and desired quality

Adapted from https://scikit-
learn.org/stable/auto_examples/classification/plot_c

lassifier_comparison.html
© 2007 - 2019, scikit-learn developers (BSD License).

https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html
https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html
https://scikit-learn.org/stable/auto_examples/classification/plot_classifier_comparison.html
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Machine learning for image segmentation

Supervised machine learning: We give the computer some ground truth to learn from

The computer derives a model or a classifier which can judge if a pixel should be 
foreground (white) or background (black)

Example: Binary classifier

Raw image Binary image

?
Model / 
classifier

Training
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Random forest based image segmentation

Decision trees are classifiers, they decide if a pixel should be white or black

Random decision trees are randomly initialized, afterwards evaluated and selected

Random forests consist of many random decision trees

Example: Random forest of binary decision trees

Ye
s

No

No Ye
s

No Ye
s

No Ye
s

Ye
s

No

No Ye
s

No Ye
s

No Ye
s

Ye
s

No

No Ye
s
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Deriving random decision trees

For efficient processing, we randomly sample our data set

• Individual pixels, their intensity and their classification

X1

X
2

Note: You cannot use a single threshold to make the decision 
correctly

Threshold
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Deriving random decision trees

Decision trees combine several thresholds on several parameters

X1

X
2

X1 > 
0.6

X2 < 
0.8

YesNo

No Yes
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X1 > 
0.4

Deriving random decision trees

Depending on sampling, the decision 
trees are different

X1

X
2

X2 < 
0.3

X2 < 
0.7

YesNo

No Yes

No Yes
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Random Forest Pixel Classifiers

By training many decision trees, errors are equilibrated

Sampling
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https://bbbc.broadinstitute.org/BBBC038
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Random Forest Pixel Classifiers

Combination of individual tree decisions by voting or max / mean

Majority

Prediction
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Random Forest Pixel Classifiers

Typical numbers for pixel classifiers in microscopy

Depth: 4

Number of trees: > 100

Available features:

• Gaussian blur 
image

• DoG image
• LoG image
• Hessian
• ….
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Model validation
In order to assess model quality, we split the ground truth into two set

• Training set (50%-90% of the available data)

• Test set (10%-50% of the available data)

Training

Prediction

Classifier

Ability to 
abstract

Ground truth Prediction

Raw data Prediction Ground truth

T
ra

in
in

g
 s

e
t

Te
st

 s
e

t

Typically done with hundreds 
or thousands of cells / images 

/ objects / ...
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https://bbbc.broadinstitute.org/BBBC038
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Object classification

What if we exchange pixel features with object features?

Aspect ratio

C
ir

cu
la

ri
ty

Intensity in raw image

In
te

n
si

ty
 i
n

 S
o

b
e

l 
fi

lt
e

re
d

 i
m

a
g

e

• The algorithms work the same 
using with different features

Pixel classification Object classification
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Tabular object classification

Classify objects starting from feature vectors (table columns)

Raw data “Ground truth” 
annotation

Classifier training

Classifier prediction

https://github.com/BiAPoL/Bio-
image_Analysis_with_Python/blob/main/09_machine_learning/01_supervised_machine_learning.ipynb

https://github.com/BiAPoL/Bio-image_Analysis_with_Python/blob/main/09_machine_learning/01_supervised_machine_learning.ipynb
https://github.com/BiAPoL/Bio-image_Analysis_with_Python/blob/main/09_machine_learning/01_supervised_machine_learning.ipynb


Slide 27

Robert Haase
@haesleinhuepf
BIDS Lecture 8/14
May 21st 2024

Prepare an empty layer for annotations and keep a reference

labels = viewer.add_labels(

np.zeros(image.shape).astype(int))

Read annotations

manual_annotations = labels.data

from skimage.io import imshow

imshow(manual_annotations, 

vmin=0, vmax=2)

Interactive pixel classification

27
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https://github.com/BiAPoL/Bio-
image_Analysis_with_Python/blob/main/09_machine_learning/02_scikit_learn_random_forest_pixel_classifier.ipynb

https://bbbc.broadinstitute.org/BBBC038
https://github.com/BiAPoL/Bio-image_Analysis_with_Python/blob/main/09_machine_learning/02_scikit_learn_random_forest_pixel_classifier.ipynb
https://github.com/BiAPoL/Bio-image_Analysis_with_Python/blob/main/09_machine_learning/02_scikit_learn_random_forest_pixel_classifier.ipynb
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Napari – common workflows

Pixel / object annotation drawing

1

2
4

3

[1: Create empty labels layer]
2: Select paint brush tool
3: Decreaese brush size
4: Increase label
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Interactive pixel classification

Pixel classification using scikit-learn

# for training, we need to generate features

feature_stack = generate_feature_stack(image)

X, y = format_data(feature_stack, manual_annotations)

# train classifier

from sklearn.ensemble import RandomForestClassifier

classifier = RandomForestClassifier(max_depth=2, random_state=0)

classifier.fit(X, y)

Image data
Ground truth / 

annotation

• Expects one-dimensional arrays for features 
and ground truth

y_ = classifier.predict(X)

Image data

prediction
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Interactive pixel classification

Pixel classification using scikit-learn

# for training, we need to generate features

feature_stack = generate_feature_stack(image)

X, y = format_data(feature_stack, manual_annotations)

# train classifier

from sklearn.ensemble import RandomForestClassifier

classifier = RandomForestClassifier(max_depth=2, random_state=0)

classifier.fit(X, y)

30
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• Expects one-dimensional arrays for features 
and ground truth

https://bbbc.broadinstitute.org/BBBC038
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Interactive pixel classification

Pixel classification using scikit-learn

# process the whole image and show result

result_1d = classifier.predict(feature_stack.T)

result_2d = result_1d.reshape(image.shape)

viewer.add_labels(result_2d)

31
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Convert 1D 
result back to 2D

• Expects one-dimensional arrays for features 
and ground truth

https://bbbc.broadinstitute.org/BBBC038
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Interactive pixel classification

Jupyter notebooks and napari side-by-side
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Interactive pixel classification

Jupyter notebooks and napari side-by-side
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Interactive pixel classification

Jupyter notebooks and napari side-by-side
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Accelerated pixel and object classification
APOC is a python library that makes use of OpenCL-compatible Graphics Cards to 
accelerate pixel and object classification

Raw image

Pixel annotation Object annotation

Object label 
image

Class label image
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Object segmentation

Pixel classification + connected component labeling

Raw image

Pixel annotation

Object label image

Object segmentation
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Training on folders of annotated images
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Object classification

Feature extraction + tabular classification

Object classification

Object annotation

Object label image

Class label image
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Other classification / regression tasks

https://github.com/haesleinhuepf/apoc/
blob/main/demo/demo_apoc.ipynb

https://github.com/haesleinhuepf/apoc/blob/main/demo/demo_apoc.ipynb
https://github.com/haesleinhuepf/apoc/blob/main/demo/demo_apoc.ipynb
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Quiz: Classification versus Regression

Which of these 
three solves a 
regression task?
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Under the hood: clesperanto / OpenCL

classifier.cl files 
can be read

Decision 
trees
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Graphical user interface: 
Object segmentation

1

2

3

4

1: Select image[s]
2: Select ground truth annotation
[3: Select features]
4: Train / predict



Slide 44

Robert Haase
@haesleinhuepf
BIDS Lecture 8/14
May 21st 2024

Graphical user interface: Object classification
Annotation / classification of segmented objects

4
4

https://github.com/haesleinhuepf/napari-accelerated-pixel-and-object-classification

Image data source: Daniela Vorkel, Myers lab, MPI-CBG/CSBD

https://github.com/haesleinhuepf/napari-accelerated-pixel-and-object-classification
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Graphical user interface: Object classification

Inspect how the random 
forest classifier makes 
decisions

Note: Beware of correlated 
parameters!

4
5

Image data source: Daniela Vorkel, Myers lab, MPI-CBG/CSBD

https://github.com/haesleinhuepf/napari-accelerated-pixel-and-object-classification

https://github.com/haesleinhuepf/napari-accelerated-pixel-and-object-classification
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Graphical user interface: Object classification

4
6

Image data source: Daniela Vorkel, Myers lab, MPI-CBG/CSBD

Inspect how the random 
forest classifier makes 
decisions

Note: Beware of correlated 
parameters!

https://github.com/haesleinhuepf/napari-accelerated-pixel-and-object-classification

https://github.com/haesleinhuepf/napari-accelerated-pixel-and-object-classification
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Graphical user interface: Object classification

4
7

Pixel count

Mean intensity

Standard 
deviation of  

intensity

Mean/max distance-
to-centroid ratio

Average distance to 6 nearest 
neighbors

Image data source: Daniela Vorkel, Myers lab, MPI-CBG/CSBD

Inspect how the random 
forest classifier makes 
decisions

Note: Beware of correlated 
parameters!
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Hypothesis-driven quantitative biology

Hypothesis: Cell shape can be influenced by modifying X.

Null-Hypothesis: Circularity of modified cells is similar to cells in the control group.

Sample preparation

Imaging

Cell segmentation

Circularity measurement

Statistics

4
9

Is circularity the 
right parameter to 

measure?

Should we use a 
different 

segmentation 
algorithm?

Shall we use a 
different 

microscope?
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Hypothesis generating quantitative biology

Hypothesis: Cell shape can be influenced by modifying X.

Question: Which image-derived parameter is influenced when modifying X?

Sample preparation

Imaging

Cell segmentation algorithm A, algorithm B, algorithm C

Measurement of circularity, solidity, elongation, extend, texture, intensity, topology …

Statistics

5
0

Which parameter shows 
any relationship with X?

Which segmentation 
algorithms allow 

measurements that show a 
relationship with X?

Why?
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Feature selection

Which of these features reflect the phenotype we are perceiving?

Source: Mara Lampert, FocalPlane, 
https://focalplane.biologists.com/2023/05/03/feature-extraction-in-napari/

https://focalplane.biologists.com/2023/05/03/feature-extraction-in-napari/
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Feature selection: challenges

• Features are not independent

• Area and diameter

• Roundness, circularity, solidity, extent, aspect ratio, elongation, Feret’s diameter, …

• Best classification most likely involves multiple features

• Vast amount of features can hardly be visualized

• Need for dimensionality reduction

• Principal component analysis (PCA)

• t-Distributed Stochastic Neighbour Embedding (t-SNE)

• Uniform Manifold Approximation and Projection (UMAP)

• Grouping objects (clustering)
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Highest variance
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Explained variance Component1: 0.98 
Explained variance Component2: 0.01

PCA

→ PCA transforms width/height measurements into a coordinate system that explains existing variance better

PCA: Principal Component Analysis
Decomposes data into linear combinations of features that explain the highest variance

Example: Squares of different size 
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PCA in Python: sklearn.decomposition.PCA

from sklearn.decomposition import PCA

• Import package

• Apply  PCA

pca = PCA(n_components=2)

pca.fit(standardized_data)

• Transform data into new coordinate system

transformed_data = pca.transform(data)

Important!

Always check the explained  variance 
along the PCA component axes!
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Non-Euclidian spaces

Not all dimensions (features) might be distances

59

P

Q

Use travel time between P and Q as metric 
for distance

→Travelling from Stadt Wehlen to Strand 
by bike is probably faster if you make a 
detour through Rathen

A

https://www.openstreetmap.org/#map=14/
50.9500/14.0666

P

Q

A

https://www.openstreetmap.org/#map=14/50.9500/14.0666
https://www.openstreetmap.org/#map=14/50.9500/14.0666
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Dimensionality reduction: UMAP

Uniform Manifold Approximation Projection

Preserve local distances at the expense of
global distortions

60

Local 
distances 
preserved

global 
distances 
distorted

Many dimensions

UMAP 1

U
M

A
P

 2
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Dimensionality reduction: UMAP

Initial situation:  Our data suggests an underlying structure (“topology”)

61

Goal:
Reconstruct underlying 
topology to identify a 
space that best explains 
differences in our data

Source:  https://umap-
learn.readthedocs.io/en/latest/how_umap_works.html

https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
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Dimensionality reduction

62

Naïve approach:
Points within a 
defined radius are 
considered 
neighbors

Source:  https://umap-
learn.readthedocs.io/en/latest/how_umap_works.html

https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
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Dimensionality reduction

63

Naïve approach:
Points within a 
defined radius are 
considered 
neighbors

Result:
Neighborhood 
graph with 
interruptions

Source:  https://umap-
learn.readthedocs.io/en/latest/how_umap_works.html

https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
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Dimensionality reduction: UMAP

65

Approach: 
Normalize distances 
by dividing by the 
average distance to 
n nearest neighbors

(Example: n=1)

Source:  https://umap-
learn.readthedocs.io/en/latest/how_umap_works.html

d = 1

d = 1

https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
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Reduce dimensionality preserving fuzzy topology

67

High weight

Low weight

Source:  https://umap-
learn.readthedocs.io/en/latest/how_umap_works.html

Approach: 
Normalize distances 
by dividing by the 
average distance to 
n nearest neighbors 

Build a graph 
considering 
normalized 
distances

Project data into 
lower dimensional 
space

https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
https://umap-learn.readthedocs.io/en/latest/how_umap_works.html
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Dimensionality reduction

6
8

Ryan Savill 
@RyanSavill4

Laura Žigutytė
@zigutyte

Marcelo Zoccoler 
@zoccolermarcelo

Uniform manifold approximation and projection (UMAP)

t-distributed stochastic neighbor embedding (t-SNE)

Principal component analysis 

(PCA)

https://github.com/BiAPoL
/napari-clusters-plotter

https://github.com/BiAPoL/napari-clusters-plotter
https://github.com/BiAPoL/napari-clusters-plotter
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UMAP in Python

Selecting columns from a pandas DataFrame

Select reasonable features
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UMAP in Python

Data 
conversion

https://umap-
learn.readthedocs.io/en/latest/index.html

https://umap-learn.readthedocs.io/en/latest/index.html
https://umap-learn.readthedocs.io/en/latest/index.html
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Annotating UMAPs in Napari Draw a lasso 
here to visualize 

which objects 
the data points 
correspond to

https://github.com/BiAPoL
/napari-clusters-plotter

https://github.com/BiAPoL/napari-clusters-plotter
https://github.com/BiAPoL/napari-clusters-plotter
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Interpreting annotations in Napari

Switch plot axes to 
see relationships 

between annotation 
and features

https://github.com/BiAPoL
/napari-clusters-plotter

https://github.com/BiAPoL/napari-clusters-plotter
https://github.com/BiAPoL/napari-clusters-plotter
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Correlation statistics

My annotation 
seems related to 

area

My annotation 
seems not related 

to intensity
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Clustering

Unsupervised machine learning may include grouping objects without 
given ground truth

UMAP 2

U
M

A
P
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Clustering

Unsupervised machine learning may include grouping objects without 
given ground truth

UMAP 2

U
M

A
P

 1

frequency

fr
e

q
u

e
n

cy

ElongatedRound Names given by 
human observer 
after grouping / 

clustering
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K-Means Clustering

Randomly 
initialized 
centroids

Goal: group data points into 𝑘 groups so that variance within group is minimal.

𝑑 𝑝, 𝑞 = ෍

𝑖=1

𝑛

𝑝𝑖 − 𝑞𝑖
2

STEP 1: Seed 𝑘 initial cluster centroids randomly

STEP 2: Assign all points to nearest centroid

𝑛 – dimensionality, in this example = 2

= 𝑝1 − 𝑞1
2 + 𝑝2 − 𝑞2

2
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K-Means Clustering

Goal: group data points into 𝑘 groups so that variance within group is minimal.

𝑑 𝑝, 𝑞 = ෍

𝑖=1

𝑛

𝑝𝑖 − 𝑞𝑖
2

STEP 1: Seed 𝑘 initial cluster centroids randomly

STEP 2: Assign all points to nearest centroid

𝑛 – dimensionality, in this example = 2

𝑞1

𝑝2

𝑞2

𝑝1

= 𝑝1 − 𝑞1
2 + 𝑝2 − 𝑞2

2
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K-Means Clustering

Goal: group data points into 𝑘 groups so that variance within group is minimal.

New centroid𝑖 =
1

𝐶𝑖
෍

𝑥∈𝐶𝑖

𝑥

STEP 3: Determine new centroid positions as mean 
position of all assigned points.

𝐶𝑖 - the number of data points in cluster i

Repeat steps 2-3: the assignment and update steps 
are repeated iteratively until:
• Centroids not changing anymore,
• Point assignments not chainging anymore or
• Maximum number of iterations reached
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K-Means Clustering

Goal: group data points into 𝑘 groups so that variance within group is minimal.

New centroid𝑖 =
1

𝐶𝑖
෍

𝑥∈𝐶𝑖

𝑥

STEP 3: Determine new centroid positions as mean 
position of all assigned points.

𝐶𝑖 - the number of data points in cluster i

Repeat steps 2-3: the assignment and update steps 
are repeated iteratively until:
• Centroids not changing anymore,
• Point assignments not chainging anymore or
• Maximum number of iterations reached



Slide 80

Robert Haase
@haesleinhuepf
BIDS Lecture 8/14
May 21st 2024

K-Means Clustering

Goal: group data points into 𝑘 groups so that variance within group is minimal.

In Python:

Create

Predict
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Clustering

8
1

Ryan Savill 
@RyanSavill4

Laura Žigutytė
@zigutyte

Marcelo Zoccoler 
@zoccolermarcelo

K-means clustering

Agglomerative clustering

Hierarchical Density-

Based Spatial Clustering 

of Applications with Noise 

(HDBSCAN)

https://github.com/BiAPoL
/napari-clusters-plotter

https://github.com/BiAPoL/napari-clusters-plotter
https://github.com/BiAPoL/napari-clusters-plotter
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Manual clustering

To better 
understand 
relationships 
between data

8
2

Ryan Savill 
@RyanSavill4

Laura Žigutytė
@zigutyte

Marcelo Zoccoler 
@zoccolermarcelo

https://github.com/BiAPoL
/napari-clusters-plotter

https://github.com/BiAPoL/napari-clusters-plotter
https://github.com/BiAPoL/napari-clusters-plotter
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CENTER FOR SCALABLE DATA ANALYTICS AND 
ARTIFICIAL INTELLIGENCE

Exercises

Robert Haase

Funded by

These slides and the related training materials can be reused 
under the terms of the CC-BY 4.0 license.

https://creativecommons.org/licenses/by/4.0/
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Exercise: Feature exploration

https://github.com/ScaDS/BIDS-lecture-
2024/blob/main/08a_hypothesis_generation
/interactive_parameter_exploration.ipynb

Use dimensionality reduction to elaborate features that might allow round and 
elongated objects

https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08a_hypothesis_generation/interactive_parameter_exploration.ipynb
https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08a_hypothesis_generation/interactive_parameter_exploration.ipynb
https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08a_hypothesis_generation/interactive_parameter_exploration.ipynb


Slide 85

Robert Haase
@haesleinhuepf
BIDS Lecture 8/14
May 21st 2024

Pixel classification / object segmentation

Use Napari to segment objects

https://github.com/ScaDS/BIDS-lecture-
2024/blob/main/08b_pixel_and_object_classification/
interactive_pixel_classification/readme.md

https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/interactive_pixel_classification/readme.md
https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/interactive_pixel_classification/readme.md
https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/interactive_pixel_classification/readme.md
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Object classification

Use Napari to classify round and elongated objects

https://github.com/ScaDS/BIDS-lecture-
2024/blob/main/08b_pixel_and_object_classification/
interactive_object_classification/readme.md

https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/interactive_object_classification/readme.md
https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/interactive_object_classification/readme.md
https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/interactive_object_classification/readme.md
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Supervised machine learning using Python

Use scikit-learn and apoc in Jupyter Notebooks to train and apply Random Forest 
Classifiers
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Configuring Random Forest Classifiers

https://github.com/ScaDS/BIDS-lecture-
2024/blob/main/08b_pixel_and_object_classification/
05_configuring_rfc.ipynb

https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/05_configuring_rfc.ipynb
https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/05_configuring_rfc.ipynb
https://github.com/ScaDS/BIDS-lecture-2024/blob/main/08b_pixel_and_object_classification/05_configuring_rfc.ipynb
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