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AKTyanbHOCTb TEMaTUKU

bonesHu pacteHnn exxerogHo npueogat K notepe 10—-16% MnpoBOro ypokas
CEeSIbCKOX03ANCTBEHHbIX KYNbTyp. 10 AaHHbIM €BPONencknin ncecrnenosartenemn
B 2016 rogy notepu coctasunm 420 mnpa. eBpo.

Bos3byantenu: M3MeHeHme

® Oaktepuu BHELLHWe CTaTUCTUYECKUX

® rpubnbl NPOSAIBNEHUS E U TEKCTYPHBbIX

® BMpPYChbI GonesHu NpU3HaKoB
n3obpaxeHnn

CyLiecTByOT Takke abnoTnyeckne CTpeccopbl pa3BuUTUS pacTEHUN
(nepenonue/ 3acyxa; He4OCTAaTOMHOCTb NUTAHKUS).

PeweHune: deHoTNMpoBaHMe U paHHAS ANarHOCTMKa HOpMasibHOro
pa3BUTUA N CTpecca pacTeHUW; aBToMaTnsaumsa MOHUTOPUHra
CENbX03yroanin.



CoBpemMeHHoe LndppoBoe dheHOTUNMMPOBAHME

Phenomics Platforms/
Techniques:

Fluorescent microscopy,
Spectroscopy, Lidars,

Magnetic Resonance Imaging,
Positron emission tomography
(PET),

Canopy spectral reflectance (SR),
Infrared thermography (IRT),
Nuclear magnetic resonance (NMR
Digital Imaging (Vis, RGB)

Image classification
methods:

Deep Learning

Machine Learning
Interactive Segmentation
SVM, PCA

K-means clustering,
K-NN
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Fig. 1. Holistic view of role of crop phenomics in crop improvement. The figures shows different —omics (genomics, transcriptomics, proteomics, metabolomics
and ionomics) platforms can be integrated with phenomics platforms for the generation of datasets for discovery of QTLs/genes through various approaches. The
figure also shows how genomies and phenomies can lead to successful crop improvement by the development of next generation improved crop varieties.



CoBpemMeHHoe LndppoBoe dheHOTUNMPOBaHME
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CoBpemMeHHoe LndppoBoe dheHOTUNMPOBaHME

https://www.agriculture-xprt.com/products/lemnatec-conveyor-based-scanalyzer-512969

LemnaTec GmbH Products

LemnaTec - Conveyor-
Based Scanalyzer
Conveyor-based Scanalyzer
Solutions for glasshouses,
growth rooms, climate
chambers, cultivation halls,
or indoor farms.



https://www.agriculture-xprt.com/products/lemnatec-conveyor-based-scanalyzer-512969
https://www.agriculture-xprt.com/products/brand-lemnatec

CoBpeMeHHoe LudpoBoe dheHoTUNMpoBaHmne

https://www.agriculture-xprt.com/products/lemnatec-conveyor-based-scanalyzer-512969

LemnaTec GmbH Products

HyperAlxpert - Flexible Multi
Sensor Laboratory
Phenotyping System

The most flexible multi-
sensor laboratory
phenotyping system for
Arabidopsis, seedlings, petri
dishes, MTPs, and many
more sample types.



https://www.agriculture-xprt.com/products/lemnatec-conveyor-based-scanalyzer-512969
https://www.agriculture-xprt.com/products/hyperaixpert-flexible-multi-sensor-laboratory-phenotyping-system-512975

Tunbl n Peructpauunsa usobpaxkenmnmn. What are the multi-,
hyper-spectral (MSI,HSI), and multisensory images?

especially, hyperspectral images (HSI)

The main field of MSI/HSI application today is the Earth
Remote Sensing. Tomorrow the main area will be precision
farming and quality detection in a lot of various production
areas.

Typical range of satellite and aviation spectrometers on the example of
AVIRIS: 360-2500nm (0.36-2.5mkm), 224 channels

For comparison: The main part of the human skin’s own radiation is in
the wavelength range from 4 to 50 microns.

Near ultraviolet NUV: 350-400nm
Visible range: 400-700nm. (Vis): 400-700nm.

Infrared (IR): K
gﬁa:'“frareldr "g'_‘foi“élf;‘xTR a0 https://directory.eoportal.org/web/e
ort-wavelength infrared, :1,4-3,0 ym ; B e

Mid-wavelength infrared, MWIR: 3-8 um oportal/airborne-sensors/aviris
Long-wavelength infrared, LWIR: 8-15 uym 7
Far-wavelength infrared, FIR: 8-15 ym B3
CIE scheme: L
IR-A: 700 nm — 1400 nm (0,7 ym — 1,4 ym) »
IR-B: 1400 nm — 3000 nm (1,4 um — 3 um) 80

2% §

IR-C: 3000 nm — 1 mm (3 ym — 1000 pm)
ISO 20473 scheme:

NIR 0,78-3 pm; MIR 3-50 pm;

FIR 50-1000 pm

b 7 13.11.2020
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https://directory.eoportal.org/web/eoportal/airborne-sensors/aviris

107-6

Gamma rays X - Rays Ultra violet

What are the multi-, hyper-spectral (MSI,HSI), and
multisensory images?

Problem: comprehensive analysis and monitoring of environmental objects based on MSI data and,
especially, hyperspectral images (HSI)
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Hyperspectral image specificity

Specificity No. 1: The presence of hundreds of channels (5-10 nm width) in which
each pixel of the image is represented. Ability to describe a pixel by a spectral signature:

The potential ability to e

classify an object by 1 -  Lvegetation
pixel without analyzing - | penree

its environment. This is w0

the main advantage of Ral” P

HSL. ” % — ) ———=——
PPN OARRRIYIRGISB RO NBREE B AN A0SR BREEEBEEEE82S]

_______

_______________________________

Specificity No. 2: high correlation of images of adjacent channels
More than 76% has Kpears> Table 1. The distribution of the values of the Pearson correlation coefficient of

0.99: the current channel with the following one (223 pairs, HSI Moffett Field) [4]
. 4
less than 6% has S [ Kpears | Channels Number
- 14.34
Kpears <0.9. 32
+pgi;1 Seision otential sees R o ol
P potenti: 0,99-0,999 48 2152
based on channel affinity 40 17.93
- Even noise is correlated IS 12 5.83

[4] Pakhomov P.A. Investigation of hyperspectral image pixel signatures by the empirical mode decomposition method/ P.A.Pakhomov,
A.V.Borusyak, V.E.Turlapov // CEUR Workshop Proceedings. — 2018. — Vol. 2210. — P. 352-364. .

b o 13.11.2020
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Hyperspectral image specificity

Specificity No. 3: representation of image values in double-byte integers

Spectrometer hardware error ~10-

Two-halftone visualization of double-
byte pixels in channels.

An example image of a fragment of one
of the channels (“Cuprite-1” AVIRIS) [5]

Specificity No. 4: the influence (noise) of the atmosphere reduces the accuracy of the
result (up to 2-5% according to Landgrebe, 1999)
25
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(from “Introduction to Hyperspectral Imaging” of Randall B. Smith, Ph.D., 5 January 2012. ©MicroImages, Inc.)
» 10 13.11.2020
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HSI applications. Vegetation and Agriculture

Hyperspectral images allow the
classification, identification and
detection of vegetation status
that are related to a wide range
of applications, for example:

NDVI

1) precise farming (NDVI=(NIR-RED)/(NIR+RED) - >

normalized difference vegetation index, WBI-Water Band Index)
2) chlorophyll fluorescence measurement and mapping
3) measuring and mapping biomass production efficiency
4) measuring the content and distribution of sugar and starch in sugar beets, potatoes, etc.
5) sorting of fruits, berries and vegetables by maturity and sugar content
6) stress detection | NDVI
7) seed properties analysis y' ) '{ §il
8) mapping and monitoring of insects and diseases, plant health . e
9) detection of insect and pest eggs on plants and roots :
10) species identification and aggressive species mapping I |
11) remote sensing applications : A

> 11 13.11.2020
15:40
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Modern hyperspectrometers

<« 0 @ £ https//www.specim fi/fx/ *r = 4 @
SPeglm APPLICATIONS PRODUCTS ABOUTUS CONTACT SUPPORT NEWS/BLOG
SPECIM FX10 i
VNIR (400-1000 nm)
Specim FX10 camera series is designed for industrial and
Iaboratory use. Specim PX10 cameras work na ine scan Xapakrepuctuku SPECIM FX10
mode in the visible and near-infrared (VNIR) area; Specim
FX10 in the 400-1000 nm region, and the color optimized
Specim FX10c camera in the 400-780 nm region.
Spectral Range 400 — 1000 nm
Specim FX10 cameras are best suited for:
Spectral Bands 224
* Vegetation & agriculture
+ Phenotyping
+ Color &density in printing SraamllRTE SBEm
+ Display & light source inspection ) _
 Food quality Spatial Sampling 1024 px
330 FPS full frame
Free Download: Guide To Selecting Hyperspectral Instruments Download Frame Rate 9900 with 1 band selected
. - - FOV 38"
https://www.specim.fi/fx/
F-number Ff1.7

Example 1: Full range (224 bands) selected = 330 FP5S

‘ - | Camera SNR (Peak) 600:1

Camera Interface GigE Vision or CameralLink
Example 2: Range of 20 bands selected = 2830 FPS
‘ I | | Dimensions 150 x 85 x 71 mm
Weight 1.26 kg
Example 3: Three specific regions selected (5 bands) = 6510 FPS
b 13 13.11.2020
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https://www.specim.fi/fx/

Modern hyperspectrometers

Cubert Q285
450-950nm, 125 channels
weight 300g, waterproof
frame - 1 / 1000sec

Cubert S185

450-950nm, 125 channels
weight 470g, frame - 1/
1000sec, for UAVS, starting -
840g

Cubert M185
for using with a
microscope

Specifications of Cubert S185

Detector SiCCD
Digitization 12 bit
Measurement time down to 100 ps
Camera interface 2x Gigabit Ethernet
Hyperspectral cube rate up to 5 cubes/s
Cube resolution 1 megapixel
Spectral throughput 2 500 spectra / cube
Processing software included

Software development kit included
Optical properties

Objective selectable
Mount C-mount objective

Ground resolution selectable mm - m

Physical properties

Environment conditions dry / non condensing

Operating temperature 0-40°C

Weight 4709

Power DC12V,15W
13.11.2020

15:40



Examples of Open Datasets

Species

Sugar
beet
leaves
(cultivar
Pauletta)

25 plants

Problem

Cercospo
ra leaf
spot,
powdery
mildew,
sugar
beet rust

1 disease
to plant

Optical
technique

Hyperspectral
range from 400
to 1000 nm
and a spectral
resolution of up
to 2.8 nm.

RGB images

Dataset

200 - 400 per
class

4 classes

1) healthy,

Il) Cercospora leaf
spot,

I1l) powdery
mildew,

1V) sugar beet rust

open DB of
87,848 images,
containing 25
different plants in
a set of 58 distinct
classes of [plant,
disease]
combinations,
including healthy
plants.

IP Algoritm

RELIEF-F algorithm
(Robnik-Sikonja &
Kononenko, 2003)

Spectral vegetation
indices (SVIs)

(i) AlexNet,

(i) AlexNetOWTBN
(iif) GoogLeNet

(iv) Overfeat

(v) VGG

Metrics

balanced
classificati
on
accuracy:
89%,
92%,
87%,
85%),

The
classificati
on
success
rate of
99.53%

Reference

A.-K. Mahlein et al.
Development of spectral
indices for detecting and
identifying plant
diseases

/ Remote Sensing of
Environment 128 (2013)
21-30

Konstantinos P.
Ferentinos, 2018.
Deep learning models
for plant disease
detection and
diagnosis.Computersa
nd Electronics in
Agriculture 145 (2018)
311-318.
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Examples of Open Datasets

Species | Problem

Citrus Huanglong

leaves bing
(greening)

Optical
technique

mid-infrared spectra
in the range of 5.15—
10.72 m (1942-933
cm-1) with 0.04 m
resolution.

Dataset

Orange leaves
(~300 samples)
3 classes:
healthy,
nutrient-deficient
and HLB-infected
leaves

IP Algoritm

1.PSA

2. quadratic
discriminant analysis
(QDA)

3. k-nearest
neighbors (kNN)

Metrics

average
classificati
on
accuracy
87-98%

Reference

S. Sankaran et
al. Mid-
infrared
spectroscopy
for detection of
Huanglongbin
g (greening)

in citrus leaves
[ Talanta 83
(2010) 574—
581

16



Dataset ¢peHOTMNA KYKYpYy3bl

[Ba apxuBa uszo6paxeHun 360 GB n 123 GB ot 4yeTbipex TunoB kamep: RGB, runepcnekrpanbHbIXx,
c¢hnyopecueHTHbIX, TennoBu3moHHbIx UK. )

JIMaize_diversity_iplant.tar.gz:

dainn nsobpaxeHusi pasHoobpasus Kykypy3sbl, cogepxalimnin 32 UH6peaHbIX reHoTUNa.

CTpyKTypa AaHHbIX - 3TO naeHTudukatop reHotmna (1-32).

-> \peHTudurkaTop pacteHusi (NATb KOMUM KaXXAoro reHoTuna)

-> /1306paxeHunsi, CHATbIE KaxKAbIM TUMOM KaMmepbl

(2 Bupa coboky + 1 Bup cBepxy Ans pryopecueHTHbIX (ryopecueHTHbIX), TennoeuanoHHbix VK (MK) n RGB-kamep (VIS); 1 Bug
cboky ans runepcnekTpanbHoi kamepsbl (HYP))

-> OTgenbHoe n3obpaxeHue, CHATOE 3a OTAENbHbIA AeHb

(TvnepcnekTpanbHble 300paXkeHUs1 XpaHATCS B Nanke Kaxaoro AHsA ans 243 kaHanos, 0_0_0.png u 1_0_0.png: nHdopmaumsa o
rMnepcrnekTpanbHOM N306paxeHun B Kaxabll KOHKPETHBIN AeHb 1 He UCNOoNb3yeTcs AN aHan13a.)
IMaize_diversity_ground_truth.txt

# Ycnosue ansa akcnepumenTa minim-B73 3agaHo cnefyolimm obpasom:

1. oo DAP 10 1 3acywunuBble, U KOHTPONbHbIE TOPLUKK NoaaepxvBanvchb npu 5400 ;

2. nocne DAP 10 koHTpOnbHbIE FOPLUKK BCE elle nogaepxusanv nonveom Ao 5400 r, B TO BpeMs kak BOAy B 3aCyLUNVBbIE FOPLUKA
He fobasnanu.

Jminimaize_iplant.tar.gz

daiin n3obpaxeHuss CopepXnT KyKypy3y B73 n MUHMMU3MpyeTCs B YCNOBUAX 3aCyXy U HOpMarnbHOro nonvea. CTpykTypa AaHHbIX ->
ID reHoTuna (B73 1 MuHMMM3aLumm)

-> \peHTudmkaTop pacteHus (COpoK KOMU Kaxaoro reHoTmna)

-> /1306paxeHunsi, CHATbIE KaXKAbIM TUMOM KaMepbl

(2 Bupa cboky + 1 Bua cBepxy Ans nyopecueHTHbIX (dnyopecueHTHbIX), TernnousnoHHbix VK (MK) n RGB-kamep (VIS); 1 Bug
cboky ans runepcnekTpanbHoi kamepbl (HYP))

-> OTgenbHoe M3obpaxeHne, NoNyYeHHoe B TeYeHUe OTAENbHOrO AHSA (rMnepcnekTpanbHble N306paXeHns XpaHaTCcs B nanke
Kaxgoro aHst ans 243 kaHanos, 0_0_0.png u 1_0_0.png: nHdopMaLuus o runepcnekTpanbHOM M300paKeHNN B KaXObI KOHKPETHBbIV
O€eHb.)

J/minimaize_water_use.txt

ExxelHEBHO perncTpupyeTcs BeC roplLuka Ans KaXaoro pacteHus 4o 1 nocne nonuea, a Takke o6bem Boabl, NOTpebnsemoit 3ageHb.

«-1» 03Hay4aeT, YTO cUCTEMA He 3anuCbiBaeT HUKAKUX AaHHbIX.

J/minimaize_date-to-dap.txt

dakTuyeckas aata u3obpaxeHns U COOTBETCTBYIOLMIA AEHb 3aNNCU M30BPaXKeHWs U AHW NoCcne Nocaaku.
MpumeyaHune: nsobpaxeHve nocne DAP46 (aeHb 28) 6ecnonesHo, NOCKONbKY GOMNbLUINMHCTBO pacTeHUI ObINO yaaneHo.

17



OTtkpbiToe NMporpammHoe ObGecne4vyeHue

https://mww.quantitative-plant.org/software - pasnuyHble rpacduyeckme nporpamMmmHble cpeacTsa Ans paboTbl ¢
n3obpaxeHuamn pacteHni (Plant Image Analysis - oTkpbiTas 6a3a AaHHbIX ANA NPOrpaMMHBbIX CPeACTB aHanusa
M3obpaxeHun pacTeHUn)

https://github.com/Emmarex/naijahacks-fort-AP| - Api O6HapyxeHus bonesHen PacteHun
https://github.com/2052sagar/PlantDiseaseDetection - Plant Disease Detection
https://github.com/sumanismcse/Plant-Disease-ldentification-using-CNN - UaeHTudmkaumns 6onesHen pacteHun ¢
nomotlbo CNN

https://github.com/znreza/image _processing_for_plant_disease - O6paboTka n3obpaxxeHnii u n3BnevYeHne nNpu3Hakon
ans obHapyxeHust 6onesHen pacteHun n3 nobpaxeHuni ctebnen
https://github.com/muskan1998/PlantDiseaseDetection - Plant Disease Detection
https://github.com/IsraelAbebe/plant_disease_experiments - ObHapyxeHue 6onesHen pacTeHn ¢ NOMOLLbHO
rny6okoro oby4eHus

https://github.com/bkleyn/plant_diseases - Knaccndukaumsa 6onesHern pacteHmmn
https://github.com/Maitreyapatel/plant-diseases-website - He yBepeH

https://github.com.cnpmjs.org/ZoraizQ/agriscan - obHapy>xeHne 1 oTCnexmnBaHne MecTonosnoxeHus onesnn TYLCV
nyTem oTnpaBkn n3obpaxeHus nucTa B Beb-yat

https://github.com/abhinavsagar/plant-disease - O6 Wicnonb3oBaHumn TpaHcdepTHoro ObyyeHusa Ans Beigsnexus
BonesHen PacteHuin

https://github.com/PuneethReddyHC/leaf-diseases-predition - nporHo3MpoBaHne 60ne3Hn pacteHuii (¢ MHTepdencom)
https://github.com/rupeish/plant_disease_classification - Knaccndukauna bonesHer PacteHuin (¢ uHtepdericom)
https://github.com/Praneet9/Plant_Monitor - Cuctema rnybokoro obyyeHns ans obHapyXeHWUs HapyLleHuiA B
pacTeHnsx ToMmaToB

https://github.com/sarraRoza/apdm-predictor - 3To0 MoAynb, HanNUcaHHbIM Ha Python ans nporHo3mpoBaHnsa 6onesHen
pacTeHun, pysapuosa u putodToposa kapTodens

https://github.com/daorse/PlantDiseaseNN - AHanu3 Habopa aaHHbIX 1 onTumnsaumsa mogenen CNN ans
knaccudukauum 6onesHern pacteHun

https://github.com/sfczekalski/plant_pathology - Cbopka knaccudmkartopa anst pacno3HaBaHus 6onesHen Ha
n306paxeHnax NUCTbLEB A6MOHU

https://github.com/esgario/lara2018/ - Fnybokoe 06y4eHne ons knaccnudukaumm 1 oLEHKN TsHKECTU BUOTUYECKOTO
cTpecca KOenHbIX NUCTLEB

https://github.com/abdullahselek/plant-disease-classification - Knaccudukauus 6onesHen Ha pa3nnyHbIX pacTEHUNAX C
UCMNOMNb30BaHNEM MaLUMHHOTO 0BYYEHNSI U CBEPTOYHBIX HEMPOHHbBIX CeTeW

18


https://www.quantitative-plant.org/software
https://github.com/Emmarex/naijahacks-fort-API
https://github.com/2052sagar/PlantDiseaseDetection
https://github.com/sumanismcse/Plant-Disease-Identification-using-CNN
https://github.com/znreza/image_processing_for_plant_disease
https://github.com/muskan1998/PlantDiseaseDetection
https://github.com/IsraelAbebe/plant_disease_experiments
https://github.com/bkleyn/plant_diseases
https://github.com/Maitreyapatel/plant-diseases-website
https://github.com.cnpmjs.org/ZoraizQ/agriscan
https://github.com/abhinavsagar/plant-disease
https://github.com/PuneethReddyHC/leaf-diseases-predition
https://github.com/rupeish/plant_disease_classification
https://github.com/Praneet9/Plant_Monitor
https://github.com/sarraRoza/apdm-predictor
https://github.com/daorse/PlantDiseaseNN
https://github.com/sfczekalski/plant_pathology
https://github.com/esgario/lara2018/
https://github.com/abdullahselek/plant-disease-classification

NpenBapuTenbHoOe UccnegoBaHue
OnucaHue 6a3bl gaHHbIX

Basa gaHHbIX n3obpaxeHnin 60SIbHbLIX U 340POBbLIX JIMCTHEB TOMATOB
B3ATa U3 OTKPbITOro uctodHunka PlantVillage

(https://tensorflow.google.cn/datasets/catalog/plant_village?hl=en)

Bknitouaet 6000 n3obpaxkeHuin, KoTopble NoApa3aensoTcs Ha 6 Knaccos.

Bacterial_spot Early_blight

Late_blight Yellow_Leaf_Curl_Viru

Septoria_leaf_spot Healthy

Puc. 1. Knaccel nsobpaxenuii B PlantVillage Puc. 2. Jluct TomaTa, nopaxeHHbii paHHen rHunbio (Early blight)


https://tensorflow.google.cn/datasets/catalog/plant_village?hl=en
https://tensorflow.google.cn/datasets/catalog/plant_village?hl=en

TeKCTypHble NMpu3HaKkum

Grey Level Co-occurence Matrix — maTpuua B
KOTOPOW KaXabl 3NeMeHT npeacTaBnseT
cobon BEPOSITHOCTb

P(i.j, d.o),
roe i v j — ApKOCTU coceaHMX ToYek Ha
n3obpaxeHnn, pacnonoXeHHbIX Ha
paccTtosHuu d gpyr oT gpyra, npu yrrioBom
HanpaBneHun @.
M3 GLCM wu3BnekarTcs TEKCTYPHbIE
NPU3HaKMK.

Koppensyus. N3smepseT THHEHHYIO 3aBUCHMOCTh HHTEHCHBHOCTEH MHUKCeJeH OTHOCHTENIBHO

apyr Apyra.
(i-n)*G-w
Koppenaus = ZP“- *O'i*—o'j/ (1)
M:Z[*Pil" “i:Zj*Pii 2)
] ]
. ; 2
ot =Y Pyrli-n?, of=» Pyr(i-n) 3)

Fnepeun. UaMmepaeT TeKCTYPHYIO 0HOPOIHOCTE.

3HEPTHA = ZPE’, @)
Li

Dumponua. HaMepseT GecnopaoK HIH CI0KHOCTE H300paKeHHA.
IHTPONHA = Z Pij # (—InPy) (5)
5]
Konmpacm. Onpefienser 1oKanbHble H3MEHEHHA HHTCHCHBHOCTH.
KOHTpacT = ZPU- * (i — )2 (6)
W

Oonopoonocms. Wamepser Gnusocts pacnpeeneHns sementos GLCM k quaronann.

OAHOPOAHOCTE = Z PU
=TT a2 @
5]



MeTpukm Ka4yecTBa anropuTMoB
Krnaccudpukaumm

Mpun cbanaHcMpOBaHHbLIX AAHHbIX:

NCOT'TECt

Accuracy = v
total

Niorrect - YACNO BEPHbIX NPeAcKasaHui anropmtma
N¢otar - YNCINO 0OBHEKTOB B TECTOBOW BbIGOPKE

[Mpn HecbanaHCMPOBaHHbIX JAHHbIX:

TP TP 2xPrecision * Recall
Recall = F-score = —
TP+FP TP+FN Precision + Recall
TP - yncno BepHbIX NpeackasaHui
FP - 4ACno NIOXXHOMOSOXUTENbHbIX NpeackasaHum

FN - 4ucno noxHooTpuuaTenbHbIX.

Precision =
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NcecnepoBaHue rnobanbHbIX CTaTUCTUYECKUX

MPU3HaKoB

W healthy
— dsease
,.‘ | P
10 20 k1] 40 50 60 70

0

Pucynok 1. I'ncrorpamma npusnaka «mean»

= heaithy
- gsease

Pucynok 3. ['ucrorpamma npusnaka «min»

- healthy
— dsease

30 40 50 60 0 80

Pucynok 2. 'ncrorpamma npusnaka «std»

W healthy
- dsease

2 3 4 5 6 7 8

Pucynok 4. ['ncrorpamma npusnaka «max»

©

MOo>HO N pasaenuTb pacTeHns Ha 300pPOBbIe
1 6onbHbIE C NOMOLLbIO rMobanbHbIX
CTaTUCTUYECKMX MPU3HAKOB?

Mpu3Haku: mean, std, min, max

[ns pelweHns 3agaym «buHapHoOM»
Knaccudmkaummn Bocnosb3yemcs MHdopmMaumen
13 ructorpamm.

Mcnonb3ysa noporu, otcekaem Aonto 60MnbHbIX
pacTeHun.

Pesynbtatbl 06HapyxeHus:
Precision = 95.64 %
Recall =63.79 %

F-score = 76.54 %



NcenepoBaHue rnobanbHbIX TEKCTYPHbIX MPU3HAaKoB

MO3KHO N pasfenuTb pacTeHust Ha 300poBble 1 GonbHble ¢ nomoLlblo GLCM-MaTpuLbl Bcero n3obpaxeHus?

B kauecTBe peluatoLLero npusHaka 6bi10 NpeanoxeHo UCNonb3oBaTb KOCUMHYC yrna mexay GLCM maTpuuei knaccngpuumpyemoro
n3obpaxeHus un cpegHen GLCM-maTpuuer Bcex 300pOBbIX PacTeHUIA.

[ns kaxgoro knacca 60nbHbIX pacTeHui BbIYUCIIEH CPEaHUIN BEKTOP

100
Vepa g = GLCMc,(d, @)
" HangeH 099
COS(ch_d_ga' GLCMcpa,aup_d_(p) 098
ans kaxgoro d n ¢:
_ _ m om 3w 097
d={1,2,4}, ¢ = {O’Z 5 ’T}
GLCMp 350p_a_p - CPEAHAS GLCM BCeX 300pOBbIX pacTeHUi Npu 096
3agaHHbix d 1 @
095
094

0 10 20 30 40 50

l’ucyuox 5. 3uavenne KOCHHYCOB MCHJLY CPC/IHHMH BEKTOPaMH BCCX KJlACCOB



Onucanune BEKTOpPa JTOKaJ1IbHbIX NMPU3HaKoB

Pasmep mackn 17x17
[na aHanusa y4acTkoB U300paxeHun Nnog Mackon MHCTpPyMeHTa BblbpaH cneayoLmii
BEKTOP MPU3HaKOB:
features = [STAT, HIST,GLCM]
® JlokanbHble CTaTUCTUYECKNE NPU3HAKM

mean std max —mean mean —min
STAT = , , ,
mean* std* std* std*

mean” u std*- NOCYNTaHbI 4151 BCEN TPEHNPOBOYHOMN BbIBOPKM

® HopmupoBaHHas rMcTorpaMmMa KBaHTOBaAHHOIO M306paXeHUs
HIST = Norm(Q[0, mean - std, mean, mean + std, 255]),

®  TeKkcTypHble NPU3HaKK

GLCM = [contrast, homogeneity,energy, corrrelation,entropy]
m m 3T

d:{l, 2, 4}, Q = {0.1,5.7}
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Pucynok 6. McxozHoe n3obpakeHne u BeKTop H300pakeHuit features JUist 310poBOToO JIHCTA
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Pucynok 7. UcxoHoe nzobpaxkeHne H BeKTop n3obpakeHuil features




Knaccudmkauuma

Knaccudmkatopsbl:

OepeBo peleHun DTC

cnyyanHeln nec RF

MYJSTbTUKITAaCCOBbIM METO[, ONMopHbIX BekTopoB MSVM
meToa k-6nmkanwmnx cocegen KNN
OpHoypoBHeBbIV NepcenTpoH 1 layer MLP

Tabnuna 1. [Tapamerpsl anropuTMOB KnaccHpHKaHH

Hazpaune o
[Mapamerprr ans scikit-learn

MeTo/1a
DTC random_state=0, splitter="best’, criterion="entropy’, max_depth=10

MSVM gamma="auto', kernel="linear', C=5, shrinking=True

RF max_depth=10, random_state=0, criterion="entropy', n_jobs=8, n_estimators=250
KNN n_neighbors=11, n_jobs=8, metric="euclidean'
| Layer MLP activation="relu’, batch_size="auto’, hidden layer sizes=(200), learning rate='constant’,
max_iter=10000, nesterovs momentum=True, shuffle=True, solver="adam'




F-score Ha nokarnbHbIX NpU3HaKkax

F-Score Ha rnobanbHbIX npuaHakax

T T T Tomato | (et Tomato | Tomato | Tomato | JOmate Tvi'm'
‘omato omato omato ‘ellow
Name | Feature |Standanize | gocigra)| Eary | Late |SCPIOM| | gar :‘;:I'““;‘; Average Name | Featuwre | Standartize) gocigrial| Eary | Late | SPS| Loaf 1‘::;:; psrage
Spot | biight | biight | 1% | cun Spot | blight | biight | %% | Cur
Virus Virus
FEATURE v 071 | 04s | 049 | 04z [ 072 | 080 | owo FEATURE v 067 | 038 | 045 | 043 | 061 | 074 | 055
FEATURE N 070 | 043 | 050 | 041 | 072 | 079 | 058 FEATURE N 068 | 037 | 052 | 045 | 066 | 075 | 057
STAT Y 057 | 041 | 043 | 040 | 067 | 055 |N0:sT STAT Y 059 | 028 | 033 | 016 | 040 | 053
Decision | STAT N 050 | 039 | 041 | 039 | 065 | 058 | 0,80 Decision [ STAT N 056 | 025 | 036 | 017 | 041 | 055 | 0.8
Tree |STAT+HST| ¥ 063 | 041 | 045 | 043 | 065 | 064 | 0.53 Tree | STAT+HIST Y 059 | 037 | 041 | 040 | 058 | 060 | 0.49
STATPHIST| N 0.2 | 040 | 024 | 046 | 066 | 0.6 | 0.54 STAT+HIST N 050 | 037 | 041 | 0a1 | 056 | 062 | 049
GLeM v 067 | 036 | 042 | 041 | 05 | 079 | 054 GLCM Y 067 | 038 | 0230 | 038 | o067 | 073 | 054
GLCM N 0.6 | 036 | 042 | 040 | 057 | 079 | 053 GLGM N 068 | 040 | 0.44 | 038 | 066 | 0.75 | 056
FEATURE v 085 | 060 | 085 | 069 | 067 | 092 | 08 FEATURE v 083 | 058 | 062 | 068 | 0.1 | 081 | 076
FEATURE N 075 | 052 | 055 | 058 | 078 | 0.86 | 067 FEATURE N 074 | 053 | 051 | 058 | 074 | 086 | 066
STAT v 058 | 034 | 043 | 031 | 062 | 028 |03 STAT Y 050 | 032 | 038 | 021 | 032 | 028
Support [—STaT N 055 | 037 | 047 | 031 | 050 | 027 | 043 Support [ o7, 7 N 056 | 032 | 038 | 021 | 032 | 028 | 0.7
Vector | o T HIST Y 067 | 047 | 047 | 042 | 073 | 0.65 | 057 ator  [STAT+HIST Y 060 | 040 | 038 | 0.5 | 049 | 0.53 | 0.44
STATFHIST| N 065 | 044 | 047 | 018 | 062 | 0.64 STAT+HIST N 062 | 039 | 039 | 033 | 039 | 052 | 0.4
GLCM ¥ 079 | 052 | 058 | 060 | 080 | 0.89 | 0.70 GLCH v 0.78 | 0.6 | 056 | 065 | 084 | 0.88 | o7
GLCM N 074 | 043 | 054 | 046 | 068 | 082 | 061 GLCM N 0.72 | 048 | 054 | 052 | 0.5 | 080 | 0.6
FEATURE v 076 | 055 | 057 | 057 | 081 | 088 | 0ee FEATURE v 075 | 045 | 058 | 053 | 076 | 0.8 | 066
FEATURE N 079 | 052 | 050 | 057 | 080 | 088 | o068 FEATURE N 076 | 049 | 058 | 053 | 077 | 085 | 066
STAT ¥ 069 | o044 | 049 | 045 | 076 | 065 | 088 STAT Y 062 | 033 | 040 | 022 | 050 | 058 | 044
STAT N 0.68 | 044 | 049 | 046 | 076 | 065 | 0.8 STAT N 063 | 033 | 040 | 021 | 050 | 058 | 044
Forest |STAT+HIST| v 071 | 050 | 055 | 053 | 076 | 0.7a | 063 Forest | STAT+HIST v 0,70 | 043 | 048 | 047 | 065 | 068 | 087
STATsHIST| N 071 | 050 | 054 | 053 | 077 | 073 | 063 STAT+HIST N 0.70 | 041 | 049 | 049 | 064 | 0.6 | 0.7
GLCM ¥ 077 | 046 | 056 | 051 | 070 | 0.5 | 064 GLCM Y 074 | 048 | 056 | 049 | 075 | 084 | 065
GLCM N 077 | 045 | 056 | 052 | 070 | 0.85 | 064 GLCM N 075 | 048 | 058 | 050 | 075 | 085 | 065
FEATURE Y 073 | 055 | 055 | 051 | 079 8| 066 FEATURE Y 072 | 048 | 052 | 048 | 076 | 082 | o063
FEATURE N 073 | 050 | 053 | 048 | 076 | 082 | 064 FEATURE N 065 | 045 | 048 | 037 | 069 | 077 | 057
STAT v 065 | 044 | 046 | 037 | 076 | 0.63 | 055 STAT Y 057 | 030 | 036 | 023 | 0.9 | 057 |04
K Nearest | STAT N 061 | 043 | 042 | 035 | 071 | 064 | 053 K Nearest | STAT N 059 | 028 | 039 | 023 | 044 | 057 | 0.2
Nelghbors | STAT+HST| v 071 | 045 | 054 | 04 074 | 07 0.60 g STAT+HIST Y 062 | 041 | 046 | 042 | 062 | 067 | 053
STAT+HIST| N 068 | 044 | 0.52 | 04 070 | 07 0.58 STAT+HIST N 060 | 040 | 044 | 037 | 059 | 064 | 051
GLCM ¥ 071 | 046 | 050 | 04 072 | 084 | 061 GLCM Y 070 | 044 | 052 | 044 | 074 | 082 | 061
GLCM N 0.69 | 043 | 051 | 04 067 | 0.9 | 0.59 GLCM N 067 | 046 | 051 | 038 | 068 | 077 | 058
FEATURE v 089 | 073 | 077 | 076 | 095 | 094 |0.84 FEATURE Y 087 | 067 | 073 | 074 | 082 | 085 [T081
FEATURE N 091 | 072 | 077 | 077 | 084 | 095 | 084 FEATURE N 085 | 0 073 | o071 | 092 | o0o4
STAT Y 069 | 047 | 053 | 044 | 079 | 0.69 | 060 STAT Y 065 | 038 | 044 | 024 | 053 | 060 | 047
1Layer | _STAT N 070 | 048 | 051 | 043 | 079 | 0.69 | 060 1Layer | _STAT N 065 | 037 | 045 | 018 | 053 | 059 | 046
MLP  [STAT+HiST| v 079 | 059 | 086 | 080 | 088 | 081 | 072 MLP  |STAT+HIST Y 071 | 049 | 052 | 050 | 069 | 074 | 061
STAT+HIST| N 077 | o057 | 064 | 060 | 088 | 081 | 071 STAT+HIST N 0.60 | 049 | 053 | 050 | 072 | 0.7 | 061
GLEM ¥ 088 | 062 | 086 | 071 | 084 | 092 |07 GLCM Y 086 | 060 | 070 | 072 | 000 | 093 |07
GLeM N 086 | 055 | 084 | 063 | 081 | 091 | 03 GLCM N 084 | 060 | 067 | 068 | 091 | 093 | 077




YHUBEPCUTET  Precision, Recall, F-Score gnsa 3agaun obHapyxeHus 60n1e3Hn Ha 0OCHoBe

NOBAYEBCKOro
nokanbHbIX ¥ rnobanbHbIX NDM3HAKOB
Local Global
Name Feature
vector data Precision | Recall | F-Score | Precision | Recall F-Score
FEATURE Y 0.96 0,96 0,96 0.96 0.96 0,96
FEATURE N 0,96 0,96 0,96 0,96 0,96 0,96
STAT Y 0,91 0,93 0,92 0,89 0,91 0,90
Decision STAT N 0.90 092 090 0.93 091
Tree STAT+HIST Y 0.90 0,95 092 091 0.94 0,93
STAT+HIST N 0,90 0,95 093 091 0,85 0,93
GLCM Y 0,95 0,96 0,96 0,96 0,95 0,95
GLCM N 0,95 0,97 0,96 0,96 0,95 0,96
FEATURE Y 097 0,98 0,98 0,99 0.98 099 |
FEATURE N 0.95 0,98 0,96 0.96 0.98 0,97
STAT Y 0.83 1,00 ),91 0,83 1.00
Support o T N 0.83 1,00 ,91 0,83 1,00 0,91
STAT+HIST Y 0,83 1,00 ),91 0,86 0,99 0,92
STAT+HIST N 0,83 1,00 ),91 0,86 1,00 0,92
GLCM Y 0.97 0,98 ),98 0497 0.98 0.97
GLCM N 0,85 0,98 0,96 0,84 0,87 0,95
FEATURE Y 0,97 0,98 0,98 0,96 0,98 0,97
FEATURE N 0,97 0,99 0,98 0.96 0,99 0,97
STAT Y 0,89 0,97 093 0,88 0,95 0,92
STAT N 0.89 0,97 093 0.88 0.95 092
Forest STAT+HIST Y 0.91 0,99 0,95 0.91 0.97 0,94
STAT+HIST N 0.91 0,98 0,95 091 0.97 0,94
GLCM Y 0,96 0,98 0.97 095 0,98 0,97
GLCM N 0,96 0,98 097 0,95 0,98 0,97
FEATURE Y 0.97 0,97 097 0.96 0.97 0,96
FEATURE N 0,96 0,97 0,96 0.95 0.87 0,96
STAT Y 0,91 0,95 0,93 0,89 0,84 0,91
K Mearest | STAT N 0,91 0,95 0,93 0,88 0,93 0,91
g STAT+HIST Y 0,84 0,95 0,94 082 0.85 0,94
STAT+HIST N 0.94 0,96 095 0.91 0.94 0,93
GLCM Y 0.96 .98 097 0.96 0.97 097
GLCM N 0.85 .08 0,96 085 0,96 10,96
FEATURE Y 0,89 .08 0,99 089 0.98 0,98
FEATURE N 0,89 .89 0,99 098 0,99 0,98
STAT Y 0.82 0,96 0,94 0.80 0.94 0,92
1 Layer STAT N 0.81 0,96 093 0.89 0.85 0,92
MLP STAT+HIST Y 0,96 0,96 096 0,94 0,96 0,95
STAT+HIST N 0.96 0,96 0,96 0983 0.96 0,94
GLCM Y 0,98 0,99 0,98 0,99 0,98 0,99
GLCM N 0.98 0.98 0,98 0.99 0.98 0,99




JKCrnepuMeHTbl No AeTeKTUupoBaHMo aHomanumn ¢ YOLOv3

Wit
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YOLO v3 network Architecture
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Additional Sources & References

1. Vijai Singh, et al. A review of imaging techniques for plant disease detection. Artificial
Intelligence in Agriculture
(http://www.keaipublishing.com/en/journals/artificial-intelligence-in-agriculture/)

2. Kapta ®eHoTmna Kykypysbl (2 apxuBa nsobpaxeHuin 360 GB 1 123 GB oT YeTbipex TUnoB
kamep: RGB, runepcnekTparnbHbiX, pnyopecueHTHbIX, TENNOBU3MOHHbIX UK. )
https://datacommons.cyverse.org/browse/iplant/home/shared/commons_repo/curated/Liang_Schn
able UNLPlantVision 2017
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