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Biological Imaging
New microscopies open new frontiers in biology



Biological Imaging
Imaging cells in fluorescence microscopy

Current trends and requirements in microscopy include:

• low signal to noise ratio (SNR)

Fluorescein image sequence, 200 images 
acquired each 20 ms (total time = 4 s).

Noisy image

• photo-bleaching of fluorophores

• long acquisition times 

• multiwavelength imaging
• high depth imaging

• high spatial resolution
• high temporal resolution

Resulting bottlenecks:

• huge amounts of data

• reduced number of photons

• single molecule detection



Standard solutions:

photo-bleaching reduce exposure time

denoising (e.g. Total Variation (TV), 
wavelets, etc.), averaging

low SNR images

increased photonic noise

Biological Imaging
Imaging cells in fluorescence microscopy

complete acquisitions

low nb of photons increase camera gain

increased electronic noise

• mathematical imaging
• integration of physics and chemistry
• improve the quality of microscopy by using  
   computational techniques during the acquisition
• optimize the acquisition sampling
• discriminate signal and noise

Future solutions:



Image reconstructionImage acquisition

Compressive Sensing (CS) Framework*

Optimized sampling:

- preserve photons

Recovery algorithm with noise 
and signal discrimination:

- SNR improvement

Our approach

Biological Imaging
Compressive sensing in fluorescence microscopy

Marcio Marim

* CS has been developed by several teams including:
- D. Donoho, E. Candès, J. Romberg (UCLA, Caltech)
- J. Fadili, J.L. Starck, G. Peyré (ENSICaen, CEA, ENS)



1. Signal projection and random under-sampling

Random and 
incomplete 

measurements

2. Sparsity prior

Drosophila Oocytes

Optical 
Fourier 

Transform

In the Fourier domain each 
value is a projection of the 
entire signal

possible

impossible without additional information!

same signal 
encoded differently

Biological Imaging
Compressive sensing in fluorescence microscopy

Reconstructing signals

Xk =
N−1∑

n=0

xne
−2πi

N kn

TV (x) = ‖ ∇x ‖!1



1. Signal projection and random under-sampling

TV (x) = ‖ ∇x ‖!1

Random and 
incomplete 

measuremen
ts

2. Sparsity prior

Drosophila Oocytes.

Optical 
Fourier 

Transform

Sparsity 
prior

CS 
reconstruction

Random 
projections

same signal 
encoded differently

Biological Imaging
Compressive sensing in fluorescence microscopy

Reconstructing signals



The signal reconstruction consists in solving:

(1)

sparsity term data attachement term

TV (x) = ‖ ∇x ‖!1

random and 
incomplete 
measurements

Biological Imaging
Compressive sensing in fluorescence microscopy

The recovery algorithm

x̂ = arg min
x∈RN

‖ Ψx ‖!1
s.t. y = Φx



Original image 512x512 pixels
C S r e c o v e r y w i t h 5 % o f 
measurements in the Fourier 
domain

Biological Imaging
Compressive sensing in fluorescence microscopy

Example of reconstruction



CS-based algorithm with multiple reconstructions:

(2)

for                    
relax data attachmentminimize sparsity

average reconstructions

Denoised image

i = 1, ...k.

x̂i = arg min
x∈RN

‖ Ψxi ‖!1
s.t. ‖ yi − Φixi ‖!2

≤ δ

Biological Imaging
Compressive sensing in fluorescence microscopy

CS-based denoising



Fluorescein images. 

Top: Original image, acquired at t = 
0; 500; 1000; 1500; 2000 ms.                       
Exposition time = 20 ms.

Bottom: Results using CS denoising. 
Exposition time = 8 ms.

Original photo-bleaching

Estimated photo-bleaching using CS

time - photo-bleaching

CS

original

Biological Imaging
Compressive sensing in fluorescence microscopy

Reducing photobleaching with CS



Automation

Quantitation

Sample 
Preparation

Physical
Instrumentation

Data
Analysis

Biological Imaging
Extraction and analysis of visual information

Exhaustive extraction 
of data

Modelisation

Intelligent information 
storage and annotation

Individual/collective 
information

Statistical
quantification

Image Processing and Analysis 



Biological Image Analysis
Extraction and analysis of visual information

Topics
• Deconvolution
• Inverse problems
• Denoising
• Registration
• Detection
• Segmentation
• Particle tracking
• Deformable objects in 2D/3D+t
• Cell shape and motility
• Tissue architecture
• Data fusion and correlation
• Classification
• Modeling
• Computer vision
• Image databases

© Institut Pasteur

© Institut Pasteur

© Institut Pasteur



Biological Image Analysis
Analysis of pathogen motility © C. Waterman-Storer/E.D. Salmon

© C. Waterman-Storer/E.D. Salmon

E. Vial Cancer Cell 2003

Cell shape and motility
• Pathogen virulence

• shape and movement are major 
factors of parasite virulence
• alter motility to alter virulence

• Molecular mechanisms of:
• cytoskeleton dynamics
• extension processes
• adherence 
• protrusion
• deformation

•  Cancer
• viral origin
• metastasis

© Institut Pasteur

© Institut PasteurE. histolytica

E. histolytica



Biological Image Analysis
Active contours

Etot = E int(x(s)) + Eext (x(s))[ ]ds
0

1
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Eint (x(s)) = α
dx
ds

2

+ β
d2x
ds2

2

elasticity rigidity

Eext (x) = − ∇I(x)
Image intensity

• Parametric curve x(s) that evolves under the constraint of 
internal and external forces to minimise the total  energy

• Internal forces: ensures the curve is regular by 
minimising:

• External forces: deform the curve towards the boundaries of the 
objet by minimising:

• Steady state: corresponds to the contour

• Principle: attract a curve C towards an object by minimizing 
an energy that depends on  the image and on C

• Regional energy: Mumford-Shah formulation (Chan&Vese, TIP, 2001)
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Dufour,  A., Tashbacsh, S., Guillén, N., Olivo-Marin, J.-C., Zimmer, C., IEEE Trans. Image Processing  (2005)

Penalty for surface 
overlaps

E(φ1, . . . , φn, cO, cI,1, . . . , cI,n) =

∫∫∫

Ω

n
∑

i=1

[

αgδ(φi) |∇φi|
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2

+
λO

n

∏

j

(1 − H(φj))(I − cO)2

+γ
∑

i<j

H(φi)H(φj)

]

dxdydz

• One level set function for each 
object with a penalty for overlaps

• Presence of multiple objects
• with different mean intensities
• with multiple contacts

• Objects are repulsively coupled
• Each object is individualised

C. Zimmer and J.-C. Olivo-Marin, IEEE Trans. Pattern Analysis Machine Intell. (2005)

Handling touching cells

Biological Image Analysis
Active contours

Alexandre Dufour



Biological Image Analysis
3D Active meshes

amiba traversing the 
mucosa

A. Dufour and E. Labruyere

Amiba in intestinal 
tissue imaged in 2-
photon microscopy

50µ



Tracking
• Virus and bacteria invasion of cells

• have to enter or target host cells 
• impair invasion to impair replication
• impair motility to impair spread 

• Molecular mechanisms of:
• transport
• organelle dynamics
• endo-(exo-)cytosis
• vesicle movement
• pathogen movement 
• pathogen adhesion

© J. Thériot

Biological Image Analysis
Analysis of pathogen motility

© Institut PasteurHIV entering a cell  

Listeria moving in a cell  

© Institut PasteurN. menengiditis in a flow
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Bayesian filtering

t = 1

Detection
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Biological Image Analysis
Multi Particle Tracking



WFFM (Lateral) LSCM (Lateral) DSCM (Lateral)

WFFM (Axial) LSCM (Axial) DSCM (Axial)
Zhang, B., Zerubia, J. & Olivo-Marin,J.-C., Applied Optics (2007)

Biological Image Analysis
Object modeling

• For a subresolution source (Dirac 
source): 

• profile = Point Spread Function 
(PSF) of the microscope
• matched filter = wavelet 

 Point Spread Function approximation PSF approximation with B3 Wavelet

(B. Zhang)



A. Genovesio, V. Emiliani, W. Parack, M. Coppey,J.-C. Olivo-Marin, IEEE Trans. Image Processing (2006) 

Random walk

Constant Speed Constant Acceleration 

Dynamic models

models switching 
probabilties

estimated 
state 
at t

Measurements

association

KF 

KF 

KF 

prediction

prediction

prediction
(combined)
estimated 

state 
at t+1

update

update

update

update of models 
switching 

Interacting multiple models

Bayesian Filtering

Biological Image Analysis
Bayesian Multitarget Tracking
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Biological Image Analysis
Profile Adapted Multitarget Tracking

Nicolas Chenouard



without profile 
information

with profile 
information

Biological Image Analysis
Multitarget Tracking

Feature aided tracking



Kinetic only tracker

Biological Image Analysis
Multitarget Tracking

Tracking of synthetic beads

Combined kinetic and feature tracker

(N. Chenouard)



N. Arhel, A. Genovesio, J.-C. Olivo-Marin, S. Shorte, P. Charneau, Nature Methods  (2006)

HIV dynamics in HeLa cells

Biological Image Analysis
Multitarget Tracking Applications

A. Genovesio



Biological Image Analysis
Multitarget Tracking

Prions on tunneling nanotubes

Prions moving on TNTs

 Gousset K., et al.,,  Nature Cell Biology (2009)

Intercellular TNTs dynamics

F. deChaumont



 Present
  • Image acquisition can be optimized thanks to mathematics

  • Sophisticated image analysis are required to fully exploit imaging
 
  • Analysis of image is one of the major bottlenecks in biological imaging

  • Methods ought to be fully automatic and provide comprehensive data

  • Handle the high variability of biological data 

  • Provide robust, quantitative and reproducible results 

What’s next:
  • Integration of nanoscale physics
  • Development of sophisticated mathematical imaging
  
  • Predictive modeling of biological functions

Summary 
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