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2 OOT STRUCTURAL MODEL

PARAMETER SE MODE ROOT ARCHITECTUR

[P1,P2,P3,. Pn]

= Pagés et al. 2013 =) Schnepf et al. 2017
DOI: 10.1016/j.ecolmodel.2013.11.014 DOI: 10.1101/139980
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VALIDATION IN EXISTING TOOLS
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PLANT-IMAGE-ANALYSIS.ORG

PMID: 28571940
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http://plant-image-analysis.org
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data/arabido/rsml/arabido-sim-1-1
data/arabido/rsml/arabido-sim-1-2
data/arabido/rsml/arabido-sim-1-3
data/arabido/rsml/arabido-sim-1-4
data/arabido/rsml/arabido-sim-1-5
data/arabido/rsml/arabido-sim-1-6
data/arabido/rsml/arabido-sim-1-7
data/arabido/rsml/arabido-sim-1-8
data/arabido/rsml/arabido-sim-1-9

1% of root systems generated

data/arabido/rsml/arabido-sim-2-1
data/arabido/rsml/arabido-sim-2-2
data/arabido/rsml/arabido-sim-2-3
data/arabido/rsml/arabido-sim-2-4
data/arabido/rsml/arabido-sim-2-5
data/arabido/rsml/arabido-sim-2-6
data/arabido/rsml/arabido-sim-2-7
data/arabido/rsml/arabido-sim-2-8
data/arabido/rsml/arabido-sim-2-9

2% of root systems generated

data/arabido/rsml/arabido-sim-3~1
data/arabido/rsml/arabido-sim-3-2
data/arabido/rsml/arabido-sim-3-3
data/arabido/rsml/arabido-sim-3-4
data/arabido/rsml/arabido-sim-3-5

Member of the Helmholtz Association

data/arabido/rsml/arabido-sim-1-10

------ Mean simulation time = 2.68
------ Total simulation time = 2.68

data/arabido/rsml/arabido-sim-2-10

------ Mean simulation time = 2,91
------ Total simulation time = 5.83
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Lobet, Koevoets, Noll et al. 2017/
PMID: 28421089
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Pages et al. 2013
DOI: 10.1016/j.ecolmodel.2013.11.014 1l
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ERROR INCEASES WITH SIZE

Total root system length [cm]
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Lobet, Koevoets, Noll et al. 2017
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cheap var. 1... N

cheap var. 1... N

gt1 = f (C”, v s cln)

groundtruth 1... N

grcuncltruth 1...N
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EXPRIMENTAL DATASET
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QT L A NALYS ‘ S CORRECTLY IDENTIFIED QTL
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FALSE POSITIVE QTL
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PRIMAL Load data L. Train the model #

Analyse the full dataset ¥

About ©

Test datatable contains 131 rows
Training datatable contains 2495 rows
Variables to use in analysis

tot_root length n_primary
tot_prim_length mean_prim_length
n_laterals tot_lat_length

Variable to plot

tot_root_length

tot_root_length

Show 5 [ entries Search:l

r2 rrmse pearson Sk

tot_root_length - 0.083

n_primary 0.268 0.087 0.518

tot_prim_length 0.903 0.077

Number of models to try:

(B) o mean_prim_length = 0.823 0.112
LI BRI LA N DL NN BN B
5 10 15 20 25 30 35 40 45 50 S n_laterals 0.767 0.471 0.876
©
Number of trees in each model: = Showing 1 to 5 of 6 entries
B 200 L

Previous B 2 Next

S 25 45 65 86 105 125 145 165 185 200

| / Train PRIMAL | Indicator to plot

" | R-square v

If you are happy with the accuracy of the 25 G5rooun . 75 100 r2

Random Forest, go to the next step. If not, 104 - oo o o___.
you might want to include more images

into your training dataset and start over. e ®
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Presentation available on ﬁgshare

bit.ly/lobet-tokyo-2017/




