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Quick poll: pe.app/cmaslard6
One question from Session 6 before we move on.



Maslard Corentin 2026-11-02
Bioinformatic tools, Introduction to Deep Learning

p. 3Maslard Corentin 2026-11-02
Bioinformatic tools, Introduction to Deep Learning

Nothing is graded today.

Take your time, try things, ask questions. You will meet artificial intelligence, 
use it and judge it during your whole career.
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What is intelligence? 
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What is intelligence? 

https://www.cleverbot.com/

https://www.cleverbot.com/
https://www.cleverbot.com/
https://www.cleverbot.com/
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What is intelligence? 

https://www.cleverbot.com/

It adapts to the context and just picks words at random

https://www.cleverbot.com/
https://www.cleverbot.com/
https://www.cleverbot.com/
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AI, machine learning, deep learning, what are we talking about?

Artificial
intelligence

A science whose goal is to enable 
machines to perform tasks that
humans accomplish using their
intelligence. 
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AI, machine learning, deep learning, what are we talking about?

Artificial
intelligence

Machine 
learning

Machine learning (ML) is a branch
of artificial intelligence that enables 
computers to learn without being
explicitly programmed.(1959)

Machine learning works on the 
basis of examples. It uses 
algorithms to statistically analyze
data and identify patterns. These
patterns are then used to predict
results, gain a better understanding
of the processes that generate this
data, or make decisions.
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AI, machine learning, deep learning, what are we talking about?

Artificial
intelligence

Machine 
learning

Deep 
learning

Deep learning (DL) is a subset of 
machine learning. It uses artificial
neural networks (ANNs), algorithms
inspired by the functioning of the 
human brain, imitating the way
neurons send signals to each other. 
These neurons are organized into
interconnected layers with a certain 
level of depth. Each level of depth
helps to optimize and refine the 
accuracy of the results.

Deep learning algorithms are well
suited to solving complex problems. 
They require a large volume of data 
and therefore a great amount of 
computing power to process it.
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AI, machine learning, deep learning, what are we talking about?

Artificial
intelligence

Machine 
learning

Deep 
learning

Natural Language
Processing

Computer VisionGenerative AI & 
Large Language

Models
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How does machine learning work? Generalization, predicting data... 

Diameter (cm) Height (m)

10 2,8

17 4,6

14 4,0

9 2,6

21 5,8

25 6,9

31 8,8

12 3,4

23 6,6

32 9

31 8,7

11 3

13 3,8



Maslard Corentin 2025-12-05
Deep learning for plant root image analysis

p. 12

How does machine learning work? Generalization, predicting data... 

Diameter (cm) Height (m)

10 2,8

17 4,6

14 4,0

9 2,6

21 5,8

25 6,9

31 8,8

12 3,4

23 6,6

32 9

31 8,7

11 3

13 3,8

0

1

2

3

4

5

6

7

8

9

10

0 5 10 15 20 25 30 35

H
ei

gh
t

(m
)

Diameter (cm)



Maslard Corentin 2025-12-05
Deep learning for plant root image analysis

p. 13

How does machine learning work? Generalization, predicting data... 
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How does machine learning work? Generalization, predicting data... 
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How does machine learning work? Generalization, predicting data... 
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Data (observation) → links between data → generalisation, prediction
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How does machine learning work? Generalization, predicting data... 
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How does machine learning work? Generalization, predicting data... 

X Y

… …

… …

… …

… …

… …

I nput  X Out put  Y

L earning phase
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Exemple of the Facebook feed algorithm

Who post ed? 

When? 

N at ure

Subject

React ions

f rom ot hers

...

Will you

like, c lick, 

comment , 

int eract ...? 
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Image recognition

I nput  X

Flower? 

Heron? 

L amp?

Robot ?

…L earning phase
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Biological neuron

A xone
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Biological neuron

A xone
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Biological neuron

A xone

Signal t ransmit t ed or 

not  depending on t he 

inf ormat ion received
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Artificial neuron

x1

x2

x3

y
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Artificial neuron

x1

x2

x3

y

p1x1+p2x2+p3x3 > s ? → y = 1
< s ? → y = 0
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Artificial neuron

x1

x2

x3

y

p1x1+p2x2+p3x3 > s ? → y = 1
< s ? → y = 0
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Artificial neuron

x1

x2

x3

y

p1x1+p2x2+p3x3 > s ? → y = 1
< s ? → y = 0

p1

p2

p3

s
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Neural network (artificial)
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Neural network (artificial)
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Neural network (artificial)
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L earning phase

Input  

X

Out put  

Y
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L earning phase

Input  

X

Out put  

Y

N ew 

ent ry 

X
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L earning phase

Input  

X

Out put  

Y

N ew 

ent ry 

X

Y 

predict ion
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But how many neurons are needed? 

What is their best arrangement?

There are 100 billion neurons in our brain.
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But how many neurons are needed? 

What is their best arrangement?

There are 100 billion neurons in our brain.
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But how many neurons are needed? 

What is their best arrangement?

There are 100 billion neurons in our brain.

Several thousand synapses per neuron, meaning several million 
billion connections. That's too much for a simple computer
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The more neurons there are, the more 
powerful the algorithm is, but also the 

more complicated it is to train

For simple algorithms, it
works very well. But not for 

image analysis
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Image recognition is quickly limited (machine learning, not deep learning)

Image 5 000 x 5 000

25000000 in number of input

?
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Recognition of plant organs (machine learning, not deep learning)

A lgor it hme

L eaves

Root s

Plat e

Seeds
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Recognition of plant organs. (machine learning, not deep learning)

Feat ure

ext ract ion 

algor it hm

Raw images or  

slight ly modif ied

images

L ist  of  

f eat ures

Recognit ion 

by a neural 

net work
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Recognition of plant organs. First extracts hand-crafted image features (Color/Intensity, Edge, Texture, etc)

A lgor it hme

L eaves

Root s

Plat e

Seeds

chlorophyll green, brighter
veins, darker lamina, patches, 
color gradients, smooth inner
texture

leaf contour, serrated or 
smooth margin, vein borders, 
midrib edges, reticulated
network edges

reticulated vein network 
pattern, mesophyll granularity, 
directional anisotropy from
venation

strong contrast vs background, 
pale white/yellow roots, thin
uniform structures, inner root 
homogeneity, high signal 
contrast

fine thin edges, forks, junctions, 
crossings, broken edges, root 
branching points

tubular tissue texture, smooth
cortex interior, fine micro-
texture (root hairs), fiber-like 
directionality, multiscale
branching texture

uniform intensity, low variance, 
smooth gradient, glare, shadow
zones, light/dark background, 
homogeneous region

circular border, plate ring edge, 
sharp transition background/air 
or background/casing

smooth, isotropic, low
structural complexity, 
background noise sometimes
granular but weak directionality

brown/cream tone, darker seed
coat, uniform inner color, oval
colored blob, seed clusters, 
embryo vs background contrast

elliptical contour, seed coat
border, hilum edge, cluster 
boundaries, clean 
air/background transition

coarse striated or rough seed
coat pattern, repetitive
grooves, mottled coat texture, 
cluster texture when seeds
overlap

Color / 

int ensit y Edge Text ure
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Test with ilastik

• Random Forest classifier based on the pixel labels

• This is classical machine learning, similar to 
methods used before deep neural networks 
became mainstream

• Runs fast even without a strong GPU

• Great for interactive segmentation and small
datasets
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Root branching recognition

A lgor it hme
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Recognition of plant ramification (deep learning, not machine learning)

Feat ure

ext ract ion 

algor it hm

M
a
c

h
in

e
 

le
a

rn
in

g
D

e
e
p
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e
a

rn
in

g
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Recognition of plant ramification (deep learning, not machine learning)

Feat ure

ext ract ion 

algor it hm

A  deep net work

M
a
c

h
in

e
 

le
a
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in
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e
a
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in

g
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Yann L e Cun

(1989)

L arge Scale Visual Recognit ion Challenge

Machine 

leargning

algorithm for 

image 

recognition

Error rate→
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Yann L e Cun

(1989)

L arge Scale Visual Recognit ion Challenge

Machine 

leargning

algorithm for 

image 

recognition
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Yann L e Cun

(1989)

L arge Scale Visual Recognit ion Challenge

Machine 

leargning

algorithm for 

image 

recognition

Deep learning

algorithm
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Yann L e Cun

(1989)

L arge Scale Visual Recognit ion Challenge

Machine 

leargning

algorithm for 

image 

recognition

Deep learning

algorithm
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Why does deep learning finally work? 

D
e

e
p

 l
e
a

rn
in

g

• Better understanding of the importance of network architecture

• Greater computing power than before (GPU)

• More accessible databases (ImageNet)
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Example of image recognition using Deeplearning. Here YOLO results (high-speed real-time object detection
algorithm)
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Sometimes a few errors appear…

H airdryer ? Camel ?  
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AnnoTrain (Annotate. Train. Learn. Share)

Initial goals¶
• Simple and accessible participatory image annotation
• Scientific dataset creation
• Annotation quality control and consensus
• Deep-learning model training and evaluation
• Human-in-the-loop model improvement
• Interactive visualization of predictions and model errors
• Educational exploration of the complete deep-learning

workflow
• Open dataset and model sharing

https://annotrain.cmaslard.xyz/

https://docs.annotrain.cmaslard.xyz/#initial-goals
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AnnoTrain: annotate fast, together, and get a model

Classification, detection, segmentation, tracking. Use it for your Master’s project: annotrain.cmaslard.xyz
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What a model can be asked to do
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Chihuahua or muffin? 



Maslard Corentin 2025-12-05
Deep learning for plant root image analysis

p. 61

Chihuahua or muffin? 

When we cannot write the 
rules, we give examples
with the answer, and the 
computer finds the rules
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Chihuahua or muffin? Annotate photos: as many as you can, carefully

• On your phone or your laptop
• No account needed
• Answers given too fast do not count
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Congratulations: you just built a training dataset

Each click is a label. Several of you saw the 
same photo: the majority is the consensus.

A neural network is learning from your clicks 
right now. You will see it in Theory 3.

https://annotrain.cmaslard.xyz/p/chihuahua-ou-
muffin/live

https://annotrain.cmaslard.xyz/p/chihuahua-ou-muffin/live
https://annotrain.cmaslard.xyz/p/chihuahua-ou-muffin/live
https://annotrain.cmaslard.xyz/p/chihuahua-ou-muffin/live
https://annotrain.cmaslard.xyz/p/chihuahua-ou-muffin/live
https://annotrain.cmaslard.xyz/p/chihuahua-ou-muffin/live


Maslard Corentin 2025-12-05
Deep learning for plant root image analysis

p. 64

Rules written by people, or rules learned from examples
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Three ways to learn



Maslard Corentin 2025-12-05
Deep learning for plant root image analysis

p. 66

The words of supervised learning https://penguin-place.co.nz/

https://penguin-place.co.nz/
https://penguin-place.co.nz/
https://penguin-place.co.nz/
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A model is only judged on data it has 
never seen !!!
The test set is put aside before training, and used once, at the end. The same idea as the cross-validation of 
Session 5.

TH E  G O LD EN  R U LE
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The confusion matrix: 100 camera-trap photos, 30 with an animal
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The accuracy trap
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Learning or memorising? Decision trees, overfitting, random forests, and a neuron
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Each question cuts the plane: a tree draws boxes
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Overfitting: learning the examples by heart

The signature: very good on the training set, much worse on the test set. Remember the shuffled labels of Session 5
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A random forest: many different trees that vote

The same idea as several people annotating the same photo in AnnoTrain.

Breiman (2001), Random forests, Machine Learning. The pixel classifier of ilastik is a random forest.
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A neuron is the linear model of Session 4, bent
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Training: walking downhill in the fog

The loss is the error on the training examples: the 
height of the hill.

Gradient descent: measure the slope for each
weight, move every weight a small step downhill. 
Repeat.

One pass over all the examples is an epoch.

Try it: https://playground.tensorflow.org/

https://playground.tensorflow.org/
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Deep learning for images
A photo is numbers; networks learn their own features
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A photo is a table of numbers

Photo: Caltech Camera Traps (Beery et al. 2018), CDLA-Permissive 1.0, via AnnoTrain.
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Before deep learning: features designed by people
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A convolution: a 3 × 3 filter slides over the photo
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The filters are weights: the network learns them

See them: Olah, Mordvintsev and Schubert (2017), Feature Visualization, distill.pub (CC BY). 

Interactive: poloclub.github.io/cnn-explainer

poloclub.github.io/cnn-explainer
poloclub.github.io/cnn-explainer
poloclub.github.io/cnn-explainer
poloclub.github.io/cnn-explainer
poloclub.github.io/cnn-explainer
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Why it took off around 2012
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Deep learning with U-Net

How U-Net works:

2 key ideas behind U-Net:
1. Understand the image context (where roots, leaves, 

seeds are)
2. Locate fine details precisely (thin root pixels, tissue 

boundaries)

Unlike classical methods, U-Net:
learns its own features automatically from raw pixels
does not rely on the user defining edge or texture manually

Training workflow

Typical steps when using a U-Net model:
• Input images
• Marked the areas that are considered to be ramifications
• Neural network learns to map image → mask
• Output = segmentation of new images

Unlike classical ML, U-Net learns its own
features directly from pixel data through
backpropagation

Network architecture of U-
Net algorithm→
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U-Net: deep learning for cell counting, 
detection, and morphometry
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Transfer learning: you do not start from zero (Exemple of ResNet18 – Unet)

How AnnoTrain, Teachable Machine and most biology tools work.
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A model is only as good as its labels

Beery, Van Horn and Perona (2018), Recognition in Terra Incognita, ECCV. Citizen science: Zooniverse, iNaturalist.
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Deep learning to find plant branching
patterns with U-Net

Scan



Maslard Corentin 2025-12-05
Deep learning for plant root image analysis

p. 88

Deep learning to find plant branching
patterns with U-Net

Scan
Preprocessing

(image 
alignment)
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Deep learning to find plant branching
patterns with U-Net

Scan
Preprocessing

(image 
alignment)

Verification (imgDay d+1 – dayd)
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Deep learning to find plant branching
patterns with U-Net

Scan
Preprocessing

(image 
alignment)

Verification (imgDay d+1 – dayd)

Human-based branching data 
extraction
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Deep learning to find plant branching
patterns with U-Net

Scan
Preprocessing

(image 
alignment)

Verification (imgDay d+1 – dayd)

S
im

u
la

te
d

(n
u
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e

r
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n

c
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)

Measured vs simulated per image

Measured (number of annotated branches)

Human-based branching data 
extraction

Learning phase
Evaluation of 

the model on a 
test set
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Deep learning to find plant branching
patterns with U-Net

Scan
Preprocessing

(image 
alignment)

Verification (imgDay d+1 – dayd)

S
im
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d

(n
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Measured vs simulated per image
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Prediction of the ROI
Here we have only given the 

model 20 images for training.
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Deep learning to find plant branching
patterns with U-Net
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Measured vs simulated per image

Measured (number of annotated branches)Annotation of the ROI by a human

Prediction of the ROI
Here we have only given the 

model 20 images for training.

Automatic ROI 
extraction
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Deep learning to find plant branching
patterns with U-Net
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• The two accessions with contrasting lignification under low nitrogen
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High-throughput phenotyping could capture accession-specific stress responses
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• The two accessions with contrasting lignification under low nitrogen
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High-throughput phenotyping could capture accession-specific stress responses

Now done with AnnoTrain
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A few annotated images enable adaptation to new species and growth conditions
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Bonus: How work generative models ? just by returning the network

Values of  

essent ial 

f eat ures

Invent ed

images
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AlphaFold
From a sequence to a structure, and how much to trust it
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X-ray Crystallography Platform

Aerial photograph of the synchrotron at the ESRF in Grenoble (France)
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Sequence → shape → function: a 50-year-old problem
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The key idea: amino acids that touch evolve together

• A positive K (blue) faces a 
negative E (orange): the charges 
hold the fold.

• If K becomes E, the protein
unfolds, unless its partner also
changes.

• Align thousands of related
sequences (as with MAFFT in 
Session 3): columns that change 
together point to amino acids in 
contact.
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From a sequence to a structure, step by step



Maslard Corentin 2025-12-05
Deep learning for plant root image analysis

p. 104

How it learned: supervised learning, like everything today
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pLDDT: how sure it is, amino acid by amino acid
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PAE: are the domains placed right relative to each other?

Image: AlphaFold Protein Structure Database, entry Q9S7Q7 
(FLC), CC BY 4.0.
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The structure tells where a protein lives

https://odh-like-search.private.cmaslard.xyz/

https://odh-like-search.private.cmaslard.xyz/
https://odh-like-search.private.cmaslard.xyz/
https://odh-like-search.private.cmaslard.xyz/
https://odh-like-search.private.cmaslard.xyz/
https://odh-like-search.private.cmaslard.xyz/
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What AlphaFold 2 does not do
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Using AI well as a biologist

1. Use an existing tool first: Pl@ntNet, BirdNET, MegaDetector, Cellpose, AlphaFold. Train your own
only when none fits

2. Check it on your own data: annotate a sample yourself, compute the recall of each class

3. Look beyond the accuracy: the confusion matrix, the rare classes, the uncertain cases

4. Chatbots: excellent assistants, unreliable sources. Never trust a number or a reference without
checking it

5. Never paste unpublished, personal or confidential data into an online AI
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Now your turn: WORKBOOK.qmd
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