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Useful Information

* Github page for today’ lecture
(https://github.com/oceam/DronelmglLecture)
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Agenda
* Brainstorming

* Review of case studies.
* Demo and current issues.

* Proposal for an “Image challenge for
field plant phenotyping”.
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UTokyo International Field Phenomics Research Laboratory
About us
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Topics:

+ Image based phenotyping, Field sensing(IOT, Robots), Agri-Big data
Member:

« Prof. Ninomiya; Prof. Hirafuji; Asst. Prof. Guo; Dr. Mu;

* Students from France, Indian, China and U.S.
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UTokyo International Field Phenomics Research Laboratory
Plant Phenotyping in different scale

Are you ready ?

www.menti.com (C7O1TZX, O—R&EAS : 374546

Are you Ready? B Mentimeter
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www.menti.com (C7O1ZX, J—R2

Tell me about yourself B Mentimeter
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Drone for agriculture

o 155 B2 (Precision Agriculture)

o X7 — bR (Smart Agriculture)

« FY XN T 7 — 3 (Digital Farming)
« BT&FE % (Breeding industry)

« Looking for your thoughts (report)
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Hardware, Core Technologies and Policy

* Hardware

* Core Technologies
* Flight control
* Data collection
+ Data analysis
* 3D reconstruction and Field Mapping
* Plot/Region segmentation
 Target detection/identification/recognition

* Public Policy over the world
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Data collection
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RGB/Modified RGB Thermal

Lidar

Data collection
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Design of image acquisition (Flight and Field, Demo)

Chapman et al., Agronomy, 2014
Guo el al., Agriculture Biotechnology, 2018

https://github.com/UTokyo-FieldPhenomics-Lab/UAVPP,

Acquired Image (RGB + Mu

MB/image

GB/flight

. =7
* =200 image/flight
. =2

AR

[ti-Spectral)

= =3 MB/image
g « = 2000 image/flight
« = 6GB/flight
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What to measure?

 Breeding industries
* Early-season measurements — plant counting and ground cover.
* Mid-season measurements — estimating light interception and radiation use
efficiency, thermal condition.
* Late-season measurements — ear or head counts and canopy senescence.
* Food production industries
* (Demo)

Ulokyo Intemational Field reh Laboratory
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Basic pre-processing

Raw images

On-field flights (o mages

Mapping - geo-referencing *
Orthomosaics,
DSM, Indices, Point
Cloud
(*.tiff or *.ply)

Plot extraction ~ segmentation*

Usable plot level
images, point clouds

. Original images (*.tiff or *.jpeg, etc.,)
[o]

(*.tiff, *.ply)

UTokyo International leld ¢

!
. Digital Surface Model (* iff )

. Indices image (*.tiff )

. Point Cloud (*.ply, *xyz, *las or *.laz)
. Field configure file (*.csy, *.shp, etc.,)
. Local Weather information (*.csv)
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ic image (*.tiff )
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Micro-Plot segmentation for Drone images

1. Plot level images/array from Orthomosaic and DSM (* tiff)
2. Plot Level Point Clouds (*.ply, *.xyz, *las or *laz)

Ulekys International Field

reh Laboratory

Case study 1

« Dynamic growth monitoring in real breeding field (sugar beet)

UTokyo International Feld Phenomics Research Laboratory

wREAT
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Processing (Phenotyping)

Time series orthmosiac

AR

Canopy cover (CC)

« EasyPCC (Crop extraction)

o157 | onsses
onann | 0124

007861 | onsom
050

20

(a)
Guo et al., Comput Electron Agric, 2013
Guo et al., sensors, 2017

Ulokyo Intemational Fiel

Canopy height (CH)

* Measurement

Canopy Level
DSM(Digital Surface Model)

Ground Level
DTM(Digital Terrain Model)

UTokyo International fieid P
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Canopy height (CH)

* Measurement _1

Canopy Level
DSM(Digital Surface Model)

CH= DSM-DTM (original)

Ground Level (original)
DTM(Digital Terrain Model)

Canopy height (CH)

* Measurement_2

Canopy Level
DSM(Digital Surface Model)

CH= DSM-DTM (fit)

Ground Level (fit)
DTM(Digital Terrain Model)
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Problems Canopy height (CH)

* Reconstruction of ground and cron is not alwavs satisfied ! * Measurement_3 C_DSM= f(hand_measurement)
C_DTM = f(C_DSM)

Canopy Level
DSM(Digital Surface Model)
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Ground Level (fit)
DTM(Digital Terrain Model)
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Our proposed solution Canopy height (CH)

uav_measure_2018

 High accuracy GCP
* Point Cloud quality check
 Data cleaning
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) Detect and Count sorghum head number at real
Case study 2 breeding field

Colum1~Colum36
« Detect and Count sorghum head number at real breeding field

uo et al,, frontiers in plant science, 2018
STokyo Internationsl Fleld Phenomics Research Laboratory. ttps://github.com/oceam/sorghum-head  uioiyo intermational Fieid phensmics Researeh Laborstory
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Detect and Count sorghum head number at real
breeding field

Big jungle

Higher than 5 meters

labor intensive

Uekys International Field Phenomics Rese oratary

Request and Challenges
* Collect image with UAV.
* Miro-plot extraction from UAV images.

Guo et al., frontiers in plant science, 2018

31

* Detect the various types of sorghum head from UAV images (IP&ML).
« Count the number of sorghum head per plot (IP&ML).

https://github.com/UTokyo-FieldPhenomics-Lab/sorghum-head s fesearch Labarator
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Guo et al,, frontiers in plant science, 2018 .
https://github.com/UTokyo-FieldPhenomics-Lab/sorghum-head i fesearch Labomatory
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Transfer to deep learning

rq J-Ro B

* Labeling the data?

Central
10%
Dataset 1

One plot
Dataset 2

Ghosal et al., Plant Phenomics,
2018, under review Wtokvo

ERL L e
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Transfer to deep learning

« false negative false positive re-learning strategy

5 times speed up

Ghosal et al., Plant Phenomics,
s Rese

2018, under review UTokyo International Field Phenon
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Transfer to deep learning

Ghosal et al., Plant Phenomics,

UTokyo International Feld Phenomics Research Laboratar
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DEMO

* (https://github.com/UTokyo-FieldPhenomics-Lab/UAVPP)

* UAVPP, Breeder-Friendly-Plant-Phenotyping-tools for UAV, Wiki page

Guo, book chapter, Springer,2018 fTofero Internatlonal Feld Phenomics Reseatch Laboratory

Processes of IP&ML based Plant Phenotyping

Feature extraction, ML model selection Result output
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o FAr g Fotirrks
Current issues Public Policy over the world (online check)
* Multispectral image alignment —
* 3D reconstruction
Japan
39 40
. Image challenge for field plant phenotypin
Tell me about your feelings & € plant p YPIng
SPA. & e T
M';' fu ¥ 8 ¥,
www.menti.com (C7O1Z R, O—R%ZEAN : 374546 ‘5
Do you want to try it by yourself? B Mentimeter
scrghm tomato
* Increase the Accuracy
« Increase the efficiency of training data collection
* Given an image, can we guide to the most needed target to be labeled (most
efficient bounding box) and left the others to be labeled automatically?
* Given a dataset, can we tell which are the best need to be annotated?
41 42
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Image challenge for field plant phenotyping

* Corroborators:
* France: Dr. Fred Baret, Dr. Simon Madec (INRA)
* Australia: Dr. Scott C Chapman (UQ,CSIRO)
* U.S.: Dr. Baskar Ganapathysubramanian, Dr. Soumik Sarkar (lowa State
University)
« Japan: Dr. Yuko Ozasa (Keio University)

Call for participates!

Question time

www.menti.com (C7O1TX, O—R&EAS : 374546

Questions?

B Mentimeter
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Thaﬁkyou!

guowei@isas.a.u-tokyo.ac.jp
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