
Guillaume Lobet, Manu Noll, Jonathan Atkinson, Darren Wells, 
Xavier Draye, Patrick Thaon, Iko Koevoets,  

Shehan Marandage, Mirjam Zorner 

g.lobet@fz-juelich.de 
@guillaumelobet

NON-LINEAR PLANT 
PHENOTYPING PIPELINES: 

  
HOW CAN STRUCTURAL MODELS 

AND MACHINE LEARNING CAN HELP 
US ANALYSE LARGE PLANT IMAGE 

DATASETS

1

!



2

HOW CAN WE ANALYSE  

LARGE NUMBER  
OF  

COMPLEXE  
PLANT IMAGES



!

I M AG E  
A N A LYS I S

3

"!



! #

I M AG E  
A N A LYS I S

3

R O OT  
M O D E L S

"!



!

$

#

I M AG E  
A N A LYS I S

3

M AC H I N E  
L E A R N I N G

R O OT  
M O D E L S

"!



4

C H E A P  VA R I A B L E S  =  AU TO M AT E D!

D I R T  |  W I N R H I Z O  |  R I A - J  |  G I A - R O OT  |  R O OT G R A PH



E X P E N S I V E  VA R I A B L E S  =  M A N UA L

5S M A R T R O OT  |  DA R T  |  R O OT N AV  |  E Z - R H I Z O

!



6

H OW  C A N  
W E  G E T  
T H E   
B E S T   
O F  B OT H  
WO R L D S ?



7

I M AG E  
A N A LYS I S !

M AC H I N E  
L E A R N I N G

R O OT  
M O D E L S#

1 $



8

S I M U L AT ED  R O OT  I M AG E  L I B R A R Y

bit.ly/root-lib

RSML

!  
JPG

!  
CSV

10.000



9

W E  E X T R A C T  C H E A P  VA R I A B L E S

C O M PA R ED  W I T H  G R O U N D - T R U T H



10

E R R O R  I N C E A S E S  W I T H  S I Z E

TAPROOT 
FIBROUS

% Lobet, Koevoets, Noll et al. 2017 
     PMID: 28421089



10

E R R O R  I N C E A S E S  W I T H  S I Z E

TAPROOT 
FIBROUS

% Lobet, Koevoets, Noll et al. 2017 
     PMID: 28421089



11

I M AG E  
A N A LYS I S !

M AC H I N E  
L E A R N I N G

R O OT  
M O D E L S#

2 $



I M AG E S

M A C H I N E  L E A R N I N G  A S S I S T ED  A N A LYS I S



I M AG E S

M A N UA L  
E X P E N S I V E  

DATA

M A C H I N E  L E A R N I N G  A S S I S T ED  A N A LYS I S



AU TO M AT E D  
C H E A P  

DATA

I M AG E S

M A N UA L  
E X P E N S I V E  

DATA

M A C H I N E  L E A R N I N G  A S S I S T ED  A N A LYS I S



AU TO M AT E D  
C H E A P  

DATA

I M AG E S

M AC H I N E  
L E A R N I N G  
T R A I N I N G

M A N UA L  
E X P E N S I V E  

DATA

M A C H I N E  L E A R N I N G  A S S I S T ED  A N A LYS I S

$



AU TO M AT E D  
C H E A P  

DATA

I M AG E S

M AC H I N E  
L E A R N I N G  
T R A I N I N G

M A N UA L  
E X P E N S I V E  

DATA

M A C H I N E  L E A R N I N G  A S S I S T ED  A N A LYS I S

$



AU TO M AT E D  
C H E A P  

DATA

I M AG E S

M AC H I N E  
L E A R N I N G  
T R A I N I N G

M A N UA L  
E X P E N S I V E  

DATA

M A C H I N E  L E A R N I N G  A S S I S T ED  A N A LYS I S

M AC H I N E  L E A R N I N G  
E S T I M AT I O N

$



13

I M AG E J  M AC R O

S Y N T H E T I C  DATA

G R O U N D - T R U T H M AC H I N E  L E A R N I N G  E S T I M AT I O N
I M AG E J  M AC R O

5 0 0 0  I M AG E S5 0 0 0  I M AG E S

%  Lobet, Koevoets, Noll et al. 2017.    
PMID: 28421089Manuel Noll Iko Koevoets 

! @IkoKoevoets 

http://www.apple.com
https://twitter.com/IkoKoevoets


14

I M AG E J  M AC R O

W H E AT  R O OT  S YS T E M  A R C H I T E C T U R E

R O OT N AV M AC H I N E  L E A R N I N G  E S T I M AT I O N
I M AG E J  M AC R O

2 0 0 0  I M AG E S5 0 0  I M AG E S

% Atkinson, Lobet et al. 2017.    
PMID: 29020748

es
tim

at
io

n

TOTAL ROOT LENGTH

ground-truth

es
tim

at
io

n
TOTAL PRIMARY 

NUMBER OF LATERALS

ground-truth

TOTAL LATERAL LENGTH

Jonathan Atkinson 
! @Jon_AAtkinson

https://twitter.com/Jon_AAtkinson


15

I M AG E J  M AC R O

M I N I  R H I Z OT R O N  I M AG E S

R O OT F LY M AC H I N E  L E A R N I N G  E S T I M AT I O N
I M AG E J  M AC R O

1  0 0 0  I M AG E S8 0 0 0  I M AG E S

Shehan Morandage Mirjam Zorner

TOTAL ROOT LENGTH

R2 = 0.9



16

R  S H I N Y  A PP

& https://plantmodelling.github.io/primal/



17

I M AG E  
A N A LYS I S !

M AC H I N E  
L E A R N I N G

R O OT  
M O D E L S#

3 $



18

A E R O P O N I C  
P H E N OT Y P I N G  

P L A N T F O R M

1 0 0 0  PL A N T S  

1  I M AG E  /  PL A N T  /  2 H  

R O OT  +  S H O OT  

2 4 0  0 0 0  I M AG E S



18

A E R O P O N I C  
P H E N OT Y P I N G  

P L A N T F O R M

1 0 0 0  PL A N T S  

1  I M AG E  /  PL A N T  /  2 H  

R O OT  +  S H O OT  

2 4 0  0 0 0  I M AG E S



19

A U TO M AT ED  T I P  D E T E C T I O N



19

A U TO M AT ED  T I P  D E T E C T I O N



19

A U TO M AT ED  T I P  D E T E C T I O N

0

45

90

135

180

1 7 13 19

T I M E  [ DA YS ]

#
 R

O
O

T
 T

IP
S



20

U S I N G  C R O OT B O X  TO  C R E AT E  A  C U S TO M   
S Y N T H E T I C  L I B R A R Y

1. D EF I N E  B A S E   
PA R A M E T ER  S E T  

2. R U N  M O D EL   
W I T H  D E V I AT I O N S  

3. S TO R E  PA R A M E T ER S   
A N D  R S M L S

% Schnepf et al. 2018 
PMID: 29432520 &  http://bit.ly/crootbox 



21

F I T T I N G  E X P E R I M E N T S  TO  M O D E L S

T I M E  [ DA YS ]

#
 R

O
O

T
 T

IP
S

0

50

100

150

200

1 3 5 7 9 11 13 15 17 19 21

T I M E  [ DA YS ]
#

 R
O

O
T

 T
IP

S

0

50

100

150

200

1 7 13 19



21

F I T T I N G  E X P E R I M E N T S  TO  M O D E L S

0

50

100

150

200

1 3 5 7 9 11 13 15 17 19 21

T I M E  [ DA YS ]
#

 R
O

O
T

 T
IP

S

0

50

100

150

200

1 7 13 19



22

F I T T I N G  E X P E R I M E N T S  TO  M O D E L S

0

50

100

150

200

1 3 5 7 9 11 13 15 17 19 21

T I M E  [ DA YS ]

#
 R

O
O

T
 T

IP
S

0

50

100

150

200

1 7 13 19



22

F I T T I N G  E X P E R I M E N T S  TO  M O D E L S

0

50

100

150

200

1 3 5 7 9 11 13 15 17 19 21

T I M E  [ DA YS ]

#
 R

O
O

T
 T

IP
S

0

50

100

150

200

1 7 13 19

D I T I G A L  AVATA R



22

F I T T I N G  E X P E R I M E N T S  TO  M O D E L S

0

50

100

150

200

1 3 5 7 9 11 13 15 17 19 21

T I M E  [ DA YS ]

#
 R

O
O

T
 T

IP
S

0

50

100

150

200

1 7 13 19

D I T I G A L  AVATA R

E N V I  
1

E N V I  
2

E N V I  
3

E N V I  
4

F S P M

PA R A M S



23

G O O D  F I T  
B E T W EEN  

E X PER I M EN TA L  
A N D   

M O D EL L ED  DATA  

1 0 0 0  PL A N T S  

M E A N  R 2  >  0 . 9



24

M
em

be
r o

f t
he

 H
el

m
ho

ltz
 A

ss
oc

ia
tio

n

WO R K  
I N  

P R O G R E S S



25

!

$

#



25

!

$

#

C H E A P

E X P E N -  
S I V E



25

!

$

#
I M AG E  

L I B R A R Y
B E N C H -  

M A R K I N G

C H E A P

E X P E N -  
S I V E



25

!

$

#

P R I M A L

I M AG E  
L I B R A R Y

B E N C H -  
M A R K I N G

C H E A P

E X P E N -  
S I V E



25

!

$

#

P R I M A L

I M AG E  
L I B R A R Y

B E N C H -  
M A R K I N G

C H E A P

E X P E N -  
S I V E

M O D E L  
A S S I S T E D  

P H E N O -  
T Y P I N G



25

!

$

#

P R I M A L

I M AG E  
L I B R A R Y

B E N C H -  
M A R K I N G

C H E A P

E X P E N -  
S I V E

M O D E L  
A S S I S T E D  

P H E N O -  
T Y P I N G

SHOOT



25

!

$

#

P R I M A L

I M AG E  
L I B R A R Y

B E N C H -  
M A R K I N G

C H E A P

E X P E N -  
S I V E

M O D E L  
A S S I S T E D  

P H E N O -  
T Y P I N G

F I E L D

SHOOT



25

!

$

#

P R I M A L

I M AG E  
L I B R A R Y

B E N C H -  
M A R K I N G

C H E A P

E X P E N -  
S I V E

M O D E L  
A S S I S T E D  

P H E N O -  
T Y P I N G

F I E L D

SHOOT

F S P M



25

!

$

#

P R I M A L

I M AG E  
L I B R A R Y

B E N C H -  
M A R K I N G

C H E A P

E X P E N -  
S I V E

M O D E L  
A S S I S T E D  

P H E N O -  
T Y P I N G

F I E L D

SHOOT

F S P M

D E E P  
L E A R N I N G



25

!

$

#

P R I M A L

I M AG E  
L I B R A R Y

B E N C H -  
M A R K I N G

C H E A P

E X P E N -  
S I V E

M O D E L  
A S S I S T E D  

P H E N O -  
T Y P I N G

F I E L D

SHOOT

F S P M

D E E P  
L E A R N I N G

THE FUTURE IS  
TO COMBINE 
IMAGE ANALYSIS, 
MODELLING AND 
MACHINE LEARNING



THANK YOU 
ANY  
QUESTIONS ?

26

Presentation available on figshare

bit.ly/lobet-phenome


