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l. Brief introduction of rapeseed breeding in China
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Liu et al., 2022
v’ Seed yield per area stagnated or even decreased in the past ten years around the world;

v Rapeseed average yield level in China remains much lower.
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l. Brief introduction of rapeseed breeding in China

® China import more than 65% edible o1l materials in recent years.

® Rapeseed 1s the largest o1l crop in China, produces approximately 50% of Chinese edible oil;

Major rapeseed breeding objectives to increase the total oilseed yield:

1. Improve the seed yield per area substantially:

Breeding elite varieties with much higher yield and stronger adaptability/resistance.

2. Enlarge the growing area:
e.g., Utilization of the winter-fallowed paddy fields, cold fields and barren fields.
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To breed varieties with higher yield
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Genotyping for Phenotyping for growth monitoring
Genetic improvement and yield estimation

T T

Pyramiding of elite genes/qtls: Requirements of performance features:
v' Large silique (seed size, seed number);

v" high-throughput, accurate, robust and low-cost;
v" Plant architecture with high harvest-index; :

o , , v" Applicable to field-grown plants;
v' Abiotic resistance to lodging, ...;

v : :
v Biomass (photosynthesis): Focus on seed yield, involve each key growth

v" Nutrient utilization efficiency; stages;
v Biofic resistance to sclerotiniose, ...: v" Intelligentized (Deep Learning and integrated);
Germplasm studies and Methods development based on
Genetic dissection interdisciplinary cooperation
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Il. Introduction of Plant Phenotyping

® Phenotype 1s expression of genotype, which 1s heavily influenced by the environmental factors;

® Phenotype includes multiple aspects: biomass, plant architecture, physiological status and
resistance, ...;

® Powerful high-throughput phenotyping depends on: high-tech sensors, advanced robotics/flying
platform, 1mage processing systems, modeling analysis,...;

A single plant ——{ Indoor apparatus for elaborate identification

Phenotyping objects

\ Plant population . Field-operated apparatus for overall assessment
(e.g. a plot) and trend projection

Seed yield estimation
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Ground and aerial phenotyping platforms carrying different sensors
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Deep Learning is a subfield of machine learning, in which computer systems learn tasks and
identify patterns on their own with only limited training data. Deep Learning has been widely

applied in plant phenotyping.
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lll. Design of our phenotyping solutions for rapeseed high-yield breeding

® Our research team (led by Prof. Hanzhong Wang) mainly focus on the breeding of rapeseed
varieties, which are ecologically adapted to Yangtze river basin. The variety Zhuangshuangll
with high oil content, strong lodging resistance and strong adaptability, has been sequenced as

reference genome and widely used as parents of hybrid breeding in China.

N

\ .
\ \

L Z
oD M Wi\

Zhongshuangl1 (conventional) Zhongyouzal9 (Hybrid)
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lll. Design of our phenotyping solutions for rapeseed high-yield breeding

® Lack of accurate, convenient and high-throughput field-level phenotyping technologies to
monitor the growth status and predict the yield potential of a mass of breeding materials and
hybridized combinations has become to be one of the biggest bottlenecks of crop breeding.
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lll. Design of our phenotyping solutions for rapeseed high-yield breeding

The seed yield shaping process of rapeseed:

Seed yield:

Silique stage: v" Total silique number/area
v seed number/silique
v’ seed weight

Shoot branching:

Flower stage: .
8 inflorescence numbers and robustness

Seedling stage: Total leaf photosynthesis

Corresponding phenotyping index:

Silique wall area index

flower richness:
Total inflorescence number/area

Leaf area index



lll. Design of our phenotyping solutions for rapeseed high-yield breeding

® The unmanned aerial vehicles (UAVs) aerial platforms with corresponding sensors were used to

collect the digital image data;

® The airborne sensors mainly includes the following cameras: RGB, multispectral, hyperspectral,

thermal and lidar system cameras;

® The ground manually-operated data collecting systems mainly include: Plant Canopy Analyzer
(LAI-2200C), photosynthesis sensors (LI-COR 6800), Stereo Camera system (Artec Leo), general
yield-related agronomy traits;
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lll. Design of our phenotyping solutions for rapeseed high-yield breeding

Flow chart representing image data processing and application:
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IV. A case study for Inflorescence richness estimation

® Flowering 1s a crucial developing stage for plants. Flowers develop on the main and branch
inflorescences of rapeseed plants and then grow into siliques.

® The seed yield of rapeseed heavily depends on the total flower numbers per area throughout
the whole flowering period.

® The number of rapeseed inflorescences can reflect the richness of rapeseed flowers and provide
useful information for yield prediction.
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Data acquisition and processing:

Data Acquisition

X - 13" 2
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DJI Phantom 4 Pro

YOLOvS
YOLOv4 ._

Faster R-CNN -
CenterNet

TasselNetV2+

Counting result  Deep learning networks Train and test dataset Manually labeled
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Data acquisition:

Field A
v" DJI Phantom 4 Pro V2.0; o 10 a0 A
v' 10-15 m flying height; s 2
{'\
Wuhan“*-.\

v" From February to April (across the

. Field B
whole flowering stage);

v 2021 spring: 6 ﬂOWGI‘ing time pOiIltS Year = Acquisition dates = Flight altitude Field Temperature
v" 2022 and 2023 spring: more than 12 by o S i~
flowering time points (every 3-5 days February 26 . Helds A and B e
one time point) 2021 | March 3 10m Fields A and B 21°C
March 14 10m Fields A and B 23°C
March 22 10m Fields A and B 24°C
April 5 10m Field A 15°C
2022 | March 1 13m Field B 20°C
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Methods Precision(%) Recall(%) Fl-score(%) mAP(%) R? RMSE FPS(f/s)
Faster R-CNN G809 53.5 60.0 62.3 0.821 1202 21.6
YOLOv4 094.0 T4.2 83.0 91.4 0926 180.9 40.5
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Comparison between inferred counts and manual counts on two novel test sets:

Field B in 2022

Test Set B
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Can complete the inflorescence number counting tasks of one field (about 1 hectare) within 20 minutes.
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Application of the UAV-RGB based inflorescence counting system:

Maximum inflorescence counts

A . B 3000 -
Sum inflorescence counts Maximum inflorescence counts
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Rather high correlation between the counted Number of the Rapeseed Inflorescences and the Seed Yield
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V. Ongoing studies: flower richness estimation using the coverage method

Flower coverage using deep learning (U-Net)
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V. Ongoing studies: Lodging classification

Lodging classification using deep learning

Input
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V. Ongoing studies: monitoring of growth status during whole growth period
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Summary

® Providing means for the accurate identification and quantification of yield-related traits at the corresponding
key developing periods can accelerate the dissection of yield shaping and extensively promote higher-yield
rapeseed breeding.

® Based on our experimental understanding of yield shaping, three major elements: leaf area index, flower
richness and silique pod area index are chosen to monitor and evaluate the growth performances and yield
potential at vegetative, reproductive, and fruiting stages, respectively.

® A low-cost inflorescence counting approach using Convolutional Neural Networks (CNN) based on
Unmanned Aerial Vehicle (UAV) Red-Green-Blue (RGB) imagery of consecutive rapeseed plots at flowering
period were developed.

® By systematically combining and integrating the high-through phenotyping information of stress (abiotic and
biotic) tolerance, lodging index, leaf area (vegetative vigor), flower richness (branch state) and canopy index
(pod area index), the dissection of rapeseed yield shaping can be extensively promoted. All the developed
methods can used to substantively support the breeding of higher-yield rapeseed varieties.
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