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The history of Hiphen

Alexis Comar, PhD

Following his thesis on high-throughput digital phenotyping, Alexis decided to

found Hiphen, the contraction of “High-throughput” and “Phenotyping”, to

bridge the gap between Research and Industry by developing remote sensing

applications and image analytics solutions that empower breeders, product

developers and crop scientists with greater phenotyping capabilities globally.
CEO & founder of Hiphen
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We transform images & signals into decisions

Deep agronomic
knowledge

Mechanical 
engineering

Cloud-based data 
engine built for scale

Tailor-made
Equipment

Easy-decision 
making tools
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Serving the entire Ag ecosystem

Seed Breeding

Crop Protection/Nutrition Agro Production

Agro Processing

Academics/Research Centers
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Our products to deliver powerful image analytics

High-resolution phenotyping 
for small plot trials

High-intensity sampling for 
field experimentation & 

research

High-throughput phenotyping 
from drones & satellite imagery

Nomade solution for post-
harvest quality assessment on 

the fly

Imaging solutions for 
greenhouses, research 

laboratories & post-harvest QC



6

Who is HIPHEN?

15M
Plots Screened

>6k
Flights Processed

70+
Traits

>18
Countries
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On-time Phenotyping with the Cloverfield Data 
Platform

Upload 
Datasets

Easily

Monitor 
campaign  
Progress

All Your Traits 
Only a Click 

Away

Tailor-made 
Analytics 

Dashboards

Browse Our
Trait Glossary
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The different use cases in the industry

Use case 1:
Field phenotyping in 

nurseries 

Use case 4 and 
perspective: towards 

PHENOMIC PREDICTION

Use case 3: Digitizing 
traits used in regulatory 
trials for crop protection

Use case 2:
Field phenotyping for 

yield correction
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Selected traits
• Precocity
• Biovolume
• Number of fruits
• Size of the flowers

Phenotyping Strawberries at ‘Nursery’ Stage

Diversity

Phenomic
Breeding values Sensor data Mapping diversityProcessing tech Selection

Phenoscale Image to traits Which plant to 
advance ?

Traits 
histogram

1. Complex filters
2. Diversity on traits
3. Diversity on images
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Which plant to 
advance ?

Phenomic
Breeding values Sensor data Mapping diversityProcessing tech Selection

Phenoscale Image to traits Traits
diversity map

Diversity map 
of 12 000 

strawberries 
plant

Vigor

Nb of flower

1

2

1

2

3

4

4

3

Step 2 mapping diversity with traits
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Screening for drought resistance through 
modeling

Calculating 
“efficiencies” (WUE –

LUE, etc..)

Low to no 
water stress

High 
water stress

Plot with a high 
early vigor

Plot with a low 
early vigor

Water balance model1

Leaf rollingTemperature

Disentangling the 
signal with 

instantaneous stresses
2

Agroclimatic 
traits

Yield

3
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The different use cases in the industry

Use case 1:
Field phenotyping in 

nurseries 

Use case 4 and 
perspective: towards 

PHENOMIC PREDICTION

Use case 3: Digitizing 
traits used in regulatory 
trials for crop protection

Use case 2:
Field phenotyping for 

yield correction
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Yield correction example – In Theory

𝑌𝑖𝑒𝑙𝑑𝑟𝑎𝑤  =
𝑊𝑒𝑖𝑔ℎ𝑡 ℎ𝑎𝑟𝑣𝑒𝑠𝑡𝑒𝑑 (𝑇)

𝑆𝑢𝑟𝑓𝑎𝑐𝑒 (ℎ𝑎)
 

𝑌𝑖𝑒𝑙𝑑𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑  =
𝑊𝑒𝑖𝑔ℎ𝑡 ℎ𝑎𝑟𝑣𝑒𝑠𝑡𝑒𝑑 (𝑇)

𝑀𝑒𝑎𝑠𝑢𝑟𝑒𝑑 𝑆𝑢𝑟𝑓𝑎𝑐𝑒 (ℎ𝑎)
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Yield correction example – In Practice

Plot 1 - 100% harvestable

Plot 2 - 72% harvestable

𝑌𝑖𝑒𝑙𝑑𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑃1 =  𝑌ℎ𝑎𝑟𝑣𝑒𝑠𝑡𝑒𝑑

𝑌𝑖𝑒𝑙𝑑𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑 𝑃2 =
𝑌ℎ𝑎𝑟𝑣𝑒𝑠𝑡𝑒𝑑

0,72
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Microplot quality assessment

Emergence issues evaluation at the plot level – from Drone imagery
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The different use cases in the industry

Use case 1:
Field phenotyping in 

nurseries 

Use case 4 and 
perspective: towards 

PHENOMIC PREDICTION

Use case 3: Digitizing 
traits used in regulatory 
trials for crop protection

Use case 2:
Field phenotyping for 

yield correction
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How to assess the accuracy & reliability 
of digital technologies for plant 

phenotyping?
Manual Assessments

Tedious, subjective, No data interoperability

Official breeding trials

Digital Literal® Assessments

Consistent, Repeatable, Precise Assessments

Validation needed for official
breeding trials

EPPO guidelines to adapt digital 
technologies for product testing
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Literal® - High-resolution imaging device 
for small plot trials

Auxiliary45°
RGB Camera

TriCam Sensor Head

o 2 RGB Cameras (8.3 MP resolution)

o 1 NIR Camera (715 – 900 nm)

Touchscreen

Adjustable aluminum stick
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Typical trial design:
• 3 trial sites
• 200 genotypes
• 2 replicates
• 20 controls
• 2 m x 1 m plots

Visual scoring:

• Infestation rate: 1 (no 
symptoms) to 9

• Surface affected: 1 
(limited area affected) 
to 5

Plot sampling

Barely yellow dwarth virus standard method
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Image analysis for Barley Yellow Dwarf 
Symptom Quantification

• Literal® image acquisition for a wide diversity of genotypes and controls

• Automatic analysis pipeline:

RGB Image Segmentation into green 
/ chlorotic / necrotic

Rating / patch
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Comparing 420 plots (ca. 200 genotypes) 
with visual scores

CanopyTotal_CoverFraction (moyTF): Total canopy fraction of 

the vegetation

CanopyGreen_CoverFraction (moyGF): Fraction of soil

covered by green vegetation. It is the product of the two

previous variables.

CanopyTotal_SenescentFraction (moySen): Senescence fraction 

of the vegetation

Visual scores

LI
T

E
R

A
L 

va
ri

a
b

le
s

• Good agreement between the green or the total canopy cover and the score of intensity

• The senescence fraction brings additional information

• Heritability LITERAL (H² = 0.75) vs Heritability visual rating (H² = 0.65)
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The different use cases in the industry

Use case 1:
Field phenotyping in 

nurseries 

Use case 4 and 
perspective: towards 

PHENOMIC PREDICTION

Use case 3: Digitizing 
traits used in regulatory 
trials for crop protection

Use case 2:
Field phenotyping for 

yield correction
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Hunting for predictions through classical phenotyping 
or phenomic prediction

Expl => on 2024 data I predict the theoretical yield I would have had in 2023

𝑷 = 𝑮𝒙𝑬𝒙𝑴

Sensor

• Based on direct interpretation of the sensor signal

• Validated to ground truth

• We try to capture what is directly quantifiable by the signal

• Based on a training dataset independent of the sensor 
acquired dataset

• We try to capture the heritable part of the trait estimation

• We try to remove the E x M component

…
Generally,
Diversity 
Mapping

Trait Phenotyping Phenomic Prediction

…
Generally,
Modelling

Breeders
Target
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Phenomic Phenotyping started with NIRs

The concept of Phenomic selection

Scenario A Scenario B

Predicted values (PVs)True values (TVs)
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The 6 dimensions of Phenotyping

Handheld (Literal)
30 to 1,000 plots

High-res plant features 
segmentation

Rovers (PhenoMobile)
1,000 to 10,000 plots

Enhanced precision at scale

Drones
1,000 to 50,000 plots

Standard traits at 
scale

Satellite
5,000 to 100,000 plots

Largest footprint for 
production fields

𝑀 (𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑚𝑒𝑛𝑡𝑠)

Scanner Imagery 3D imagery Wavelength Direction Time

The 6 
dimensions
of
phenotyping
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How to synthetize the raw data, 2 approaches are 
possible

Latent space ApproachSignal / Trait Approach

2018

2023

( … )

2018

2023

( … )



Sunflower
Use Case
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Seed  humidity 
prediction for 

every capitulum

Latent space 
per capitulum

Manually measured 
seed humidity

Seed humidity estimation at any date on any site
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A glimpse of the pipeline

Plot image Organ detection Organ pre-processing

Latent space 

Cosine similarity: 0,99

Cosine similarity: 0,53

Orthomosaic and plot boundaries generation 
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R2 = 0.94

Pearson = 0.97

Spearman = 0.95

RMSE = 0.06

Model trained in France 2023

Prediction in France 2023 Prediction in Spain 2024

R2 = 0.91

Pearson = 0.96

Spearman = 0.96

RMSE = 0.07

Prediction in France 2024

Seed humidity prediction

Every plant at every date has a seed humidity

R2 = 0.94

Pearson = 0.97

Spearman = 0.91

RMSE = 0.05



Corn
Use Case
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Predictions of hybrides behavior based on 
parents measurements

Renaud Rincent

Phenomic Prediction
Genomic 

Prediction

With whom?

Laurence Moreau

Which methods to compare?

Trait Latent space
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The experimental design and objectives

4 Flint founders 4 Dent founders

801 Dent lines821 Flint lines

180 hybrids
Incomplete 

factorial 
design

A. Lorenzi & Al (2022)

The experiment

Target 
“Phenomic B value” Sensor data Processing tech Prediction

Phenoscale Image to traits Yield

DM content NIRS Latent Space

FLOF

The pipeline

Number of traits

Acquisition

DJI M3M 

Contract details

1
Nb of 
trials

Nb of 
plots

2106
Nb of 
flights

Location:
INRAE

Moulon

RGB Airphen M3T* Lidar*

33 / dates (~180)
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The traits on 6 dates (180 points) 

Vegetation indices

PROSAIL estimation

SfM Algorithm

AI segmentation

AI counts

NDVI ….

LAI Cab ….

height biovolume ….

Green cover Greeness

Plant count Presence of 
panicules

….

….

8

5

3

4

2
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Latent space Environmental effects removal:

Plot_X3_Y13_A Plot_X3_Y13_CPlot_X3_Y13_B Plot_X3_Y13_D

Background / soil removal

Selection of corn experimenting light competition
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The results so far

Phenomic Prediction

R
a

n
d
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 c
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Genomic Prediction

Yield

DM Content

FLOF

Yield

DM Content

FLOF

0.84 0.73 0.79

0.83 0.43 0.59

0.85 0.57 0.76

0.23 0.28 0.46

0.08 -0.1 0.31

0.06 -0.06 0.06

0.76

0.61

0.74

-0.05

-0.18

0.02
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The next steps: taking even more the 
environnement into account

𝑷 = 𝑮𝒙𝑬𝒙𝑴

Remove more environemental effect

Adapt the size of the latent space to the dataset

Add agroclimatic traits

Add dynamic traits

Test the predictive power of each trait category

Make easy UI to test different predictors
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Training dataset

HIPHEN view on Phenomic prediction pipeline

Target 
“Phenomic B value” Sensor data Processing tech

Measured data
(True Value)

Selection

Phenoscale

Phenomobile

Image to traits 

Image to latent 
space

Taking decisions

Timelapse to 
latent space

Phenostation

Literal

Mapping diversity

Traits 
histogram

Traits
diversity map

Latent space 
diversity map

Also called 
predicted value (PV)

Prediction of a B-value
of hybrids based on 

parents

Prediction of a B-value
of the measured plant

Computing the predictors

Targeted 
Traits
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On Time and Low-Cost Phenotyping

Sowing Harvest

Decisions

• Trial quality

• Plot assessment 
to select or not

• Harvest decisions

• …

Outsourcing trait processing 
is cheaper and quicker than 

internalizing

Professional pipelines are 
arriving to maturity

Analytics (Phenomic 
Prediction) help making 

decisions 

Satellite

3 days 1 day 3 – 14 days 1 day



120 rue Jean Dausset

Agroparc – Bâtiment technicité

84140 Avignon

France
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