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EES

"RAUFGEE | (Phenomics) FEtERIEAEYIRE BT RSMINRIEEE -
Ty NTHIRHZERER - S ER SR FT B B S A F] - B & EFYIR
RURGERAERA < oK ~ BERGERIE - FEHA B EOHIRS R IH TRV ~ S
i~ BEGRREDLE ~ 2 RSB AYIE A - A EHE R EY IR A
{THEBLPEET - W RBEE AT - TIEREYTEETLIE - HRIIREFRAIES
BRI BN ST MAEEERL - BN EERE - Ryt R
fir » TAFECHAME NS ~ EEETHRIT 7 CBEAG it & - A (BREE)
TNERU RAE A SRS T R » R R P R B R A FE VIR B Ay
sl - BHEEATE BRI BIEYIR IR EE 2 5T ~ MEFIREAT » WEss S BAL A ST
BERS B - PRt F Ry B BItE Yot e e SR S R ST 7 oK 2 44 -

TER SR R R RARG T LG 2 - MR AR L
(Netherlands Plant Eco-phenotyping Centre, NPEC) 7 FERUBEL #4218
Wl FRIHIEL - BRAEYIHE 36 3D 4568 - 2ol - BB E i
o FEFESEYIRES AR - REREE R ITEAS » NPEC 1A 111 FF£E5 T
A6 IEAE I MEHERAIEE S5 ATARTS - NPEC & TR AR ~ Bolsi L KA T
BAHZ TR0 ANE FBERETE ISR - e EUfsE R EE
(Wageningen University & Research, WUR) FISSEIZ A& (Utrecht
University, UU) FL[E)E 807 NPEC fHEE 2 flradsh - Fefobftes - RHERSE
MRS RS - B AR Ry e e AR PR E2 Al S 9E AN B DAL A (2B FR AR T -

B R E bR sl Bp i A R A gas it - R0 ~ BLZE A
2 tp USRS RAL - TFECR A E ATT ~ KB TAE R ST LR AG 52 i
BEE - RIS I in R T IT o AR AR R AR A RS I &
T DU TR RGeS R © AN » SR LRI E R R B s
S - B - AFTESNIH WOR Frbist 2 YIRS - DU A B
REIFG AT ~ IHFTERCERAE - [FIRF - ASHEREI25)) NPEC » HIZ S5 a8 A
B0 RAU R SR 0 2 W SRR ~ 2R DR SR A - SRR
SHEFRAAS T OVE EEE » MGHAA B B o R ARG LV T S TR RS R A
% -

AR BT E AAH RS O Bl R f S E YR A RE T (FREVER



Wtk ~ o3t Tik) - PEEGERIE (SLWise=lEEs - FhfEEnE ~ KH) ~ REWT
Feii (ERKEEEAESUSINEREBR) MU BIRERI AR AT S
F o HWEMRYSIR AR S E T - SIEERRECRAAEYIR ARG SE 25t ~ 5%
EHER] - e AFTEE % -
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Ryt IR IR ARG ER T S RE T AR ST M B R R ARG U T e SR
A o A B EE HAR R0 WOR ArBase 2 PRI A I ISR A2 2
ia o AE A HENTIE AN SRIVEG AT ~ BDTFTECEIRAE - 59— HARRIEE S NPEC
KNBBTUEE) » RELREUHERI R R O Z TR ER] ~ SRS DU EE S
P &b o MBS ARG T L S TR R (4

B~ TEE

AEPETEMEN IR TH 1 HERDSEEM -7 H3HE 7 H200
TEVIR RIS O ITaRAE > SRR M AEbT ek 1 - 7 A 10 HZE 14 HAREZ5 WR K
NPEC »

® 1~ HEETETEMERHER -

00:10 =EHE#H3 (TPE) 11:00 S EFHS (AMS)
| =R | &R
07:40 =E&#5 (AMS) 06:15*1 B munmiss (pe)
FEFF 13h30m R 13h15m
China Airlines Ltd. (CI73) China Airlines Ltd. (CI74)
EX Py ELrT R A2 S TR A 4 B

i ’\ i I\
f’é-ﬁi i Mt HH HY Y WUR WUR WUR WUR WUR #i4& #’%1%
AT #7124 EA E£H A4 /NPE /NPE /NPE /NPE /NPE &g &8
FeT 4 mE OME ME B2 He C2 C% C% C% C%& &% &4
BIES R i B i WH O OWHE O WHE WHE BR
7 #HE BRE #E RE RE HE R R MR MR

ABE AB AB AB AR
ZROER ORR ORR ORAK

WUR: Wageningen University & Research @ FLfEE B AER
NPEC: Netherlands Plant Eco-Phenotyping Centre > fal BB H s



2 ~ REGIEREAR

RIS N2 YR I NS B 2GR - 2GR - 250
DL R f#%25223 (machine learning, ML) ~ J%&fEE23H (deep learning, DL) HY
JEA > ZHERIETRE ~ NS - RIS DL 50 AR SIS BAsk RS B R A
1 RS EE AN S% 2 > BRI E RS AT

— 2 BRI EEE

RIGRIRGLMEYI G T BT ROPEIGER R AR (color
image) » fEREEIGRTE—EEZE (pixel) A =(EEE > 5HIFAR (red)
G (green) ~ B (blue)fV5afE » BB R ~ G ~ B BUE BT R &1 EE e
BT ARE S - AUREEUE 595 E 2 YR OE5  ERFEEENE
(apture) ~ TRFIEE (shutter) ~ EOEELURERERE « YR FydRuE o5
FLATR/N > SRR/ NI E SREE BRSO & - i 2 EAEY PR AP Rt
PE B FLRLEAETE - Rt E RSB H AL, BCE A 1SOH - Fufaik
BOCTTF BRI - HrpyeRE ~ PPIEE « B EIR L E R
B RIE A SRUEAE AT - T EERE R B SR uE S BRI - e SRR e R B A
& b B AEY WSS -

TERETTRARRERE - ERE Ry T AR IR R FERY ~ SRiRAE - St
TEsRFE TS E I - A[EYEFEA R LR R AR [E] - IR s e
e SR, - Y idsRE SIS S I e S 2 5 AR BRELE IS - byl =
EE AT GHIEUE S I TR - ARAE LU LR - P - BORER
{8 - S5 EEYIE R L SRS Bt e R R S e -

T EREmERE

TR A —E MBI G ER % - RIEHTABHR T - e BE
Bl HAERYIE T e~ T E - PlraEREE GBI PIAE ~ 3 - RESEH O
g > AT T B9 E] (segmentation) » B EYIFRRIBEELS (& 3 M EE A
SITRAR

sAGERE T BIHV RIS RE AT 738G (threshold) s%EEd ML ~ DL #54Y
FERT - Pt e 2 A B )R A s R S BT R = AL PE AV 2 R E - 2
F3EHYRBER - PITE A TGRS RS R GBS (gray scale) %2
5 > P H IRV B E A AR SIS KPS (E VA= 35 E > DUESH BV
HIHIY - 540 - HalE i S se GURr o T oM - DI E 4%
(edge) ~ #mfEE (contour) 5Ff o LHL/HTAIE AT E ~ BHJFAY Image] ~ Napri
PAKe Python OpenCV EFHERAGHEI TR - FR T EHARKIE 2 GHE T 0TI
A E sl Gl B R Sk (color space) > I HSV (hue,
saturation, brightness) ~ HSL (hue, saturation, lightness) PAKz LAB
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(lightness » a FoRAFEREOFIRE ~ FoHalE | b AIREREOIIRE ~ =
) RIS T DA S BRI ERCE - DEZRIHEE I EIRVRER - 5
HMEEEAF @A ERAA RS - fI40 LAB G AF2%2 (shadows) HYH
S RE G A ELRUF YA EHEEGSR » HSV ~ HSL AILZLIBA G 22 5 F Ry B
IR ECEER ©

RIS EZEE S AR BEHRPEELAEIR ~ ROt ~ 282 ~ HEEIHE
AR PIVERER DU AR SEEL (contrast) & &Rk B Y40 EIR &
[ - BUERER I G B N B - B —FIaHIR AL R e A H & K
& > BIFE N BB GRS e B2 G e A& > A —BRIaRL AR5 fE
WA TEIHIEC & B S TS BEHEOE -

=& (B) SEERRT

= (%) HEEAERAR T R T - FE T 2 ST AV BRIl ~ fE 7
& H RMFTEEEEE & 400-2,500 nm > RERE RV EIEOETE E R
SERAFTESE (400-700 nm) FHTALSME (700-1,300 nm) #E - (%) SEUEk
FEEZ SR A I = L RS (non-imaging hyperspectral sensor)
B ERERE 28 (hyperspectral imager) o AERFE A EEl G S Bu ATl
EEAG &R i By L HETTEREH » S a4 bs T DU 5 22 2 S5
ssh o AI[ER ECEE AR &k » BRI G (X~ Y ) BDYEE (Z )
Frfd Ry 3 480k > AN IERZ G EEaE EUESS - FTHL F i G &R
GG~ WEsEE L EITRE - BRI NE IR R T AR B
7 .

g > S CEEEEE 400-2,500 nm o (RIBEVIFEEESK - DUE e hE
{TUIE] > B 3 nm fEIFE > WEEEED) | {EDRZ B & 1F 1 (585 - FirlL 400-2, 500
ARG EN Ry 700 (EEBE BT LoaMaiEdE  BREREM S ERT
MR > & Aot E R T A EFa/ N7 (partial least squared,
PLS) DLR[BEHEAAL (random forest, RF) o S24h » DAE etk G 248 B » 4y
MR R e e 5% L BB R BRI 5, (region of interest, Rol) > FFHY
Rol #IE P A G R AT > Bt S IR e A TER oy
By e

Ti—rE (S FEE &R S B e 1 A B MR RE i I FH R (S AR AR FE 5
(vegetation index, VI) » VI ZHIZEDCEE K RN EAE R € A= GTHERT
& fEEMIEVE (remote sensing) EEAVERICANE ZE » R VI & HERE
{EZEMAAEFEE (normalized difference vegetation index, NDVI) ~ HEHE({b
ZEKTHEAEIEE (normalized difference water index, NDWI) ~ E[EEHE
fEME TS (wide dynamic range vegetation index, WDRVI) DLRZYEABZ:
EFEAETERE (photochemical reflectance vegetation index, PRI) % - 35



EHEBE AT AAGHEHYIE RN - &K REDCATRRREES » 515 VI BEA
o LSRR 4 RASHE B TR JE T AR -

7Y ~ B R R R T ATHIREH

ML B DL BAE s 8 oAU S THE B FH o Bl Res B 038 (image
classification ) ~ ¥IAEM] (object detection) ~ [E[E77E] (image
segmentation) » #EZA(EA ML B DL E R 3R M9 EIB Y EER - ZRIMBRIERT
AMUFE S B R B S5 E 2 Tmage] ~ Napri DLSz OpenCV B A > SHIEHE
Yooy BB RS AN R Y Bk as Y -

TEARTGRIE B S B ML A DR AT S2 R T IHEE » ML Al 73 By =X
(supervised) BAIEESELZ (unsupervised):

1 IREEE =ty

(). MEACERER(labeled data)

(2). HFHETERTEE (automatic clustering)

(3). {4 K-means J£EL PCA (principal component
analysis)

2. BB eR .

(1) . FEACERER
(2) . JRSRH (decision trees)®iRF #EfTERITEE

S0 o AR ML B R R B R Iy el SRERHEE (training data set)
BUAEAERIEE (test data set) » —fRiME @ JISEREAEEREZHEA
B S BEfHRER 80%/ 20%E% 70%/ 30% M RK » §lII8RERHEE ARG SRIE AL - JAIEE
ERHERI HACHIE S SRR R RE - G0 I 5 0 BIsE ST - BIRGER
EHEHANKE > FEEERZ2RME - BRI E R R &SRR E
AIERHE H 3 A E R RERE » Bl R | BERIERE ERD » k0
BRI EREEAMRZ » ISR R4S BB GE R B E5E » A E TR
ARG HE -

£ DL #ERUER 7y » SRAE P E o M 4G TE A 4E4% (convolutional neural
network, CNN) » HFEAGFE#EE (convolutional operation) FEEUEG AER}
IRFE > T ABRER 2 4 RGB 5215 - ONN & H 2 s g DA B I 5w}
hESEA BT o B ON BEAIZLRE > i3t A Bt B fsER T E
(semantic segmentation) HYZERREEZEMEAUINNG » SEF ) HISt ¥ G R HIATA
GEBAET I ERG AV T o F HEEE O EIEAA FON
(fully convolutional networks) ~ U-Net o BF 3[R v] DUETTE F57
& (instance segmentation) > EHlB4E S NIFIZES 7> BINVIHEE - 7]
Bt b B A ENL - 0 R Rt E 2 ERCR FEP: - % HE B B
A4 Faster R-CNN DA Mask R-CNN « B T &1 2 4o iErT HAEY ) HEaski
&SN - HREMLERIEERILA 3 4E8EZE (point cloud) ERHET HAEEY )Mk EL
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Sy &l PIIEZE R AR AT ~ 38~ REAVPERELE] - 5 AAGET R E B
HIFEERREL T B2 AR By PointNet A1 PointNet++

A~ 3 EsSEEREST

1E 3 4SS TS 7y > RED T EE BRI A BRI & By 2 4E52(% > FHZEHR 2
eGPt AERE (mesh) » FREHAEMSERL 3 4EEEERL - S50 Al EHIES
AR - AR AP A B AT A (5] A PR —(E B A - WS
THEFTRANGZAGETTUCHD ~ 5% - FEILER 3 EREER o B FHKUCHD 2 4552
GRS 3 EREENEEUE R SFM (structure from motion) » Z5R 2 sl
DUBE—FEARAE A [E] A S B 2B AR A ] e A TS S (] — EAR I T2 (R R -
WO 2 BT &5 H ROB AEH%HELE] UAV (unmanned aerial
vehicle) #TZAHAERZGIEAL BV EHHEEY) - BB 3 g4ifEE
7 .

FAARARE AL & R A BEEE B R e Bk e T 22 CloudCompare ~ potree A
Sz python Open3D » & btk BG83 Fr o] A1 B (- RE S ~ BEEAE ~ nf
(canopy) RSTRFEZEMEYIZEMEAAEIRER » #—1EE R A E
FH40 PointNet++ > AIEIREHB AL - RE - SKEAFEEYSE - 8 - 5
—{EfEY) 3 deshf B RNV E ZEIEH RIIsE A EIEAY (functional
structure plant model, FSPM) PARKEAIFEYIZFRAI 34T (digital plant
phenotyping) o FSPM FEFRI A REFTIEY (T (01 fe 3 4Eahfs T o] DUAESFRYAM ~ 4
{BEIZFE - Bl B AR R AE s e S TR AR [m1 7 Bt - BHOEIRREREL
> RILEARSHFERES - BUUEYFRE R BT B R i
a2 EREEEYE A= SH N A RS - AMIES - P TEREE
YiEtE

N\~ ABRERE T EEAEET AT

AN ETEZE NG - e85 M (longitudinal) EREEEHE
(outlier) {FHIDARZEBIERI T o VIR Ml % A1 m = B FH 4
17 AR ZEMETHRNRBECE » TR RBE = R e Ray ]
(SRS BT EEN: - SRR 9REE - ftsm 20 n = S HE R T - BOHRER
E# (replication) ~ fEt% (randomization) DARIEEE (block) ZEHEFk:t o

AR AR T U FE —ERHCER E (&) DL R EREEY
BRE o B 2 B HH P s T At WA [ B PR e P A T R A o M e B
&t IHEERSEEEN IR B S EE &M E R (repeated
measurement data) » schlEfE A E BRI FHVEERHER N R ESET o ravss
EAEMEE KBAE - FFt e BT EHE S RN Bl EHRR S 2
B CRE - HIR) » B s SR E IR RETEIE - 5ot hn 2= B -
AIRZEFEATH M o SRAE R RE S R ESEM statgenHTP (statisical
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genetics, high-throughput phenotyping) atal4eE MEERIFAVEERE » £
T statgenHTP T2 i et R R A E R /F Sz - (2 g
EIZZHh&VFT L~ PCA 73 BELLUR G ERAR 3 (pairewise correlations of
coeffienct) » FEILEIRE B HBEHE » fRHAR AN BE P EEEEEHES 4R
o

AR (E 28 28 IR IR T RE AR A A B M8 B A EUE = SRR e BERA
MERESHRRE » ATERIESIMM4HLL R #U88 SpATS (spatial analysis
of trails using splines) ¥#E{TICFEZEMREMATHE(LIAT o SpATS FIF
splines PREBURFZZ IE BB R1T ~ FIBITHIACRIAVEE R » WS HBELEI
AR R (T515345 ~ splines FUEFCEZE M8 B ~ BRI R 2 77
I A RGEFE (residues) ZTHIA5E » HDIEIZEEREHEZE RIAA -
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® 2 REBHRELE - NERE - BEFURERAEARBERKERERE -

acquisition

B  Aperture (depth of

B Optics

R | FE NEHE Keywords B EEEFRER
Dayl 1 | Introduction |M 4EliARIZAR B [mage-based plant it
of phenotyping
phenotyping B Basic 1mage-processing
course pipeline
B Adjust camera and lens
B Basic image-processing
me thods
B Machine learning and deep
learning methods
B 2D images and 3D point
clouds
B Spatial and temporal
analysis
Dayl 2 | Introduction | M MZEEREBHXfEEY )2 | E(LENEYEIR it
to Image GRS TR B IE
analysis and FH#EH1
phenotyping B ETEEOh RS
S LA B S SHIE A
i
Dayl 3 | Image sensing | M 3%BH Image sensing | M  Sensor B  Driver: ids-software-suite-
and CREs B Jllumination win-4.96.1

B f2=0HE (Python colab)
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file, DOF) ~ shutter | @ Image format v noise filtering part 1
(sharpness) ~ ISO B  Color space v noise filtering part 2
speed (gain) B (Clipping problem v noise filtering part 3
B  Aperture (depth of file, v noise filtering part 4
DOF) ~ shutter
(sharpness) ~ ISO speed
(gain)
Day2 1 |Multi-sensor s BHEAEFE R B Geo-information science i
remote plant phenomics #J | M Remote sensing
sensing for FUFERS - FEf&ELERE. | ® Solar induced fluorescence
monitoring st BH & ARl (SIF)
sustainable plant phenomics #J | ® Thermal infrared (TIR)
plant EH B Quantitative structure
production FFIEREE VAV &5 & modelling
RGB/ &t /LiDAR -
Al HEVEETFAE
FBE kb~ BRHEY)
TAL AT E
Day2_2 | Image sEHA T THARY) | @ Image] B Image] Z785E: Imagel -
segmentation Ao EBUE RAY 74 | M Binary image win54.exe
and Thresholding: B  (Color space: HSL, HSV B Image] plug-in F2=
introduction pixel, edge 1 B Watershed B (i Image] #E7T segmentation
region fE{E B  k-means clustering R AR ZE
Model based method: | @ Active contours (Snakes)
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Clustering i B HOG (Histogram of Oriented
contour £ Gradients) features
B Neural Networks
Day3 1 |Classical IMEARNESERIFIM%2S | @ Classification and B fZ=CHE (Python colab):
Machine B8R regression v' classification.ipynb
learning Unsupervised B [ab color space v mlp_classification.ipynb
learning: K-means B Maximum likelihood
clustering Ed estimator
Gaussian mixture B  Perceptron
models B Training, test and
Supervised validation dataset.
learning: Decision | M Mean squared error
tree, Random forest
and neural
networks.
TS E I E e
Bl
Day3 2 | Introduction 4148 neural B Multilayer Perceptron B X (Python colab):
to neural networks DLk deep B Data leakage v’ tomato_sweetness.ipynb
networks learning 574 B [mbalanced dataset v' tomato_sweetness_and_mlp.
E{F deep learning ipynb
&yl
Day3 3 | Neural 4148 convolutional | M convolutional filter B F2X5 (Python colab):
networks and neural networks B 3D convolutional kernels v' WUR_SummerSchool2023 CNN_
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deep learning (CNN) B Max pooling Session. 1pynb
B {E ONN ] M Semantic segmentation
B  (Object detection
B Instance segmentation

Day4 1 | Semantic I4HEBLIE(E semantic | @ Unpooling B fEHE (Python colab):

segmentation segmentation B Deconvolutional network v' WUR_SummerSchool12023 Sema
B SegNet (encoder-deconder ntic_Segmentation.ipynb
design)

Day4 2 | Instance IH4EEAE(E Instance | @ Mask RCNN m  f258% (Python colab):
segmentation segmentation B Region proposal network v" Ex1 MaskRCNN R2P.ipynb

(RPN) v' Ex2 MaskRCNN R2P.ipynb

B Region of interest v" Ex3 MaskRCNN R2P pretrain
alignment (ROIAlign) ed.1pynb

B Object detection

B Anchor-based

B  Depth i1mage

B Detectron?

Day4 3 | 3D plant 48 3D HEYFEAIERL | Multiview imaging system | M Ff2z(EE (Python colab):
phenotyping UT£E ~ BREHERL AT B YOLO v' point_clouds_and_deep_lea
using deep IIASEEEHEER 5% | @ Functional structure plant rning part 1.ipynb
learning {£ 3D segmentation model (FSPM) v' point_clouds_and_deep_lea

EIES B [aser triangulating rning part 2.ipynb
sRBHEEZE 3D BAAYAUEk | @ Structure from motion

Bk -

(StM)
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v' (Class imbalance | @ Permutation invariant
v Limited B  PointNet
training data B Affine transformation

v' Variation B  Transformation network

v" Occlusion B PointNet++

EEEAR DA

SEATIRRRIG - R

training data fYJ5

7E-Active learning

Day5 Statistical SRR FAEY) | M Time series and repeated | M R script f2=05

and FATHFC Y E measurement data
experimental Longitudinal data B statgenHTP R package
design FHY outlier Z0fa{H | @ SpATS R package

H

FEAL IR A

SRR 2 22 oA

Longitudinal data
e Cagauli
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B - 2505 NPEC A% A B3R

NPEC T ZEH o5 [SRIEYIR I E2E T BT I ST - HAS A A IT A
EEYIER ~ 3RER ~ B [EFE O S - Ittt N BRIE
SERHE YR MTE B TS - FELR R A EREMRI TR DRERERZ
BRI GE RAIEEEHNEEEENFE - DUT oAl 143 NPEC e EATNRE LUK
AKRZFHAR -

— ~ NPEC s HEEETIRE

FofeT e R FA SR B Mrase i - R 20H 6 (BB frisig » Hrpisa
1 (Ecotron) ~ 2 (Plant-Microbe Interaction Phenotyping) I3 (Multi-
Environment Climate Chambers) firi> UU#Z1& » #4H 4 (High-Throughput
Phenotyping Climate Chamber) ~ 5 (GreenHouse Phenotyping) #16 (Open-
Field Phenotyping) FIfir/> WUR FZ& - £5-154H T ZEDh AR EEAH Rl 73 #lLa T
1. 1540 1: Ecotron

Ecotron Ry/NUEEIERRIRISEIPAZG (E 1) - HEHSITUAERERRE
el > WA RGB AEMEEC SR SR I N &R > Ecot ron BRI DA
FEMERZERIM EHORE ~ TR - IS -~ JREHFRES - &8 Ecotron 51
By W N BV DIEEREHESE M B AV ERR A » DIBET A E RS 4E & B
£ RIFRFES > PSSR I 4E T IR T 4R i M 5 B o
2. T4H 2: Plant-Microbe Interaction Phenotyping

Plant-Microbe Interaction Phenotyping f54H (% HE R {E B TLAYFR oMt
SEEHRG 0 3Rl Ry Helios #1 Hades (& 2)  Helios AstEPpit FERRAIIAREE
B B AT BRI 22 ] 2 N R 28 0 HECERBREEMAS » v
EHE 60 £ 1,200 EA/NFZF (250 ml £ 5 L) » kG AREE R 100
cm > RESGHIIAEE & 3D FHHFE = AMIE - RGB §£21% ~ BE4EZE 5T WIR
SR G -

Hades JEE4AN (in vitro) FRENZ4545 (root architecture system,
RSA) FERIGNTZ4R » Al & @B E T 2000 (ERFEDL > Hades EFES HEHE 1S
B MEERETE o FEH S 2 R ESHE e AR R AR - H DB
FREBGSAEYIRHET Y RSA 2@ 2 o RAIMATIIAE WNIR EEainks ~ IR Z&5F5HY
=LA -

3. f54H 3: Multi-Environment Climate Chambers

Multi-Environment Climate Chambers ([&E 3) #%f54H S EMHZCHEY40{A]
TEAGHEERIAV R N AR eI EERR T - SRS (-5°C & 40°
C) ~ JRME (35-90% RH) DUAREHEEE (F A 2000 £mol m™ s™) AYRMER
4 o FANPEC » #£514 151 Mul ti-Environment Climate Chambers > PAfERFZE
NE W58 e EIL - EEEE - am B A i BRI ZEREYFRE SRS
H o
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4. f5%H 4: High-Throughput Phenotyping Climate Chamber

#2 NPEC #:5+75 5 {& High-Throughput Phenotyping Climate Chamber ([&
4) > Hoop 3 {EEREA/NG B 20 m' A1 2 4T 15 m* > BREREAE 12540 300 £ 2200
PREEY) - (R PA A A isi gl sh 22 EC S R I E 354 - Bl fE ) LED
HEA 240 » 9T A BRESTCE L E ERDEEGRM: - BEERE AL &K
IR = A AR 2000 £mol m” s 0 SEFE Ry -4 2 42°C > MHEDRE M 40%
2 85% 28 > AGEEANIN COr « FRALSIATIIRER L2 RGB ~ Sl ~ BEARZE . -
BRAGFE TATIIRE o (R v PR T A FEIE YA - ERRAAE AR [ R
BefF TRV RAER - B ATz CIERIE A FIE R AR A7
(Arabidopsis thaliana) YEVEFRMINIGELA N AT (Solanum lycopersicum)
MEEE (Solanum tuberosum) ZFAEVIAIIR 2 B E Y E -
5. ¥4 5: GreenHouse Phenotyping

A RIS REAH AL G ER A TE (conveyor) F&R DUBHE )8 15 51 52 5 Lk
H_EERRAL TN AT IIRE RS 3 HETLASASREEE I - BEARE O - BVBE (1
5) o BR TEATT 25000 - ZEAHINEERE (gantry) Z&  DURFREIIHTE
R EN 2HEY) BT TRE T - RS AN B a] DA EE Y E
TREIHT  RERASTIIEES 3 1 fesi M E R BMEE -
6. 154H: Open-Field Phenotyping

Open-Field Phenotyping BECH# RGB ~ 245 ~ 3 4T BE4EREE BN S
SR fAAY EEER 0 PLE FARUREAHTE TraitSeeker (B 6) @ s%etAst¥ 1.5 m &
2.0 m BB THEEYZREL T > TraitSeeker B KHIIEHIRE T EE R
HI > HECHE 2 (=S EUHIES ~ 2D LiDAR ~ RGB FHHERITINAE » fEs2 5 fEEY
SHAFRCE B PIVER BREDE 247  CFf v BEEIRZ G BRI 2 R AR
2 BRI EE&E, GPS/INS (Global Positioning System/
Integrating Inertial Sensors) EEJCHEEITAI B FIERIE 2
— ~ R A BBEACER,

1. Rick van de Zedde

Rick van de Zedde J& NPEC ERZE4CH - [HHFH 2004 FH WOR E(LFRAEE
ERBEFCEFI SRR E R BEER R A & - 2020 FEEREEE YR
49E% (International Plant Phenotyping Network, IPPN) HHEE@rik 5 - Rick
HUBFCeRE R N TR E > WSt E R s R BRI B A BRI -

Rick FEARSEHEIZS [SHS M 4AAL WUR Y NPEC R 354 - BRAARAHE
4~ 5~ 6 NIJREEER]  FEAD » Rick HaREA T 51 NPEC FVE & » 1ol B UM FERF
&) 10 FSEpERE] ~ BB 5CH NPEC » BERGACER4Y 2,200 HBUT > J315-LAsE NPEC
1£ 2022 £ 9 HIERABEH# - 2 EHET 5 » Rick s8RBARTT HIEERZ A
] DU S (BRI RS ~ ot A E R TR (B 7) - E—ITEEIHZE LA
5% 10 FBER - HEHE S AN B R G EE R KIEYIRI AT
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FFLLS B 10 R i AU R 7 2 HEA 1 R I TR B AOR B2 e ~ SR oE
BRAr - BEIR LA 5 B 10 I RFRIUARA G ISR R L SR A E AL ~ B2
SR > SRR A R A A E YRGS R F IS e
47t © INIEE - NPEC s —# BUT &R LI SR AR AR FE L - [l
AEEBESNT G IE EEERRTIFE AN BT OK L FESE R R (8 8) - AN
JEF REARTRERH S ~ TRIMEYIRAAC S I T 2 s B - FEIEoR( BT R e G

2. Gert Kootstra

Gert Kooststra £y WUR B - BHIE R FEE A EBHSHE ik es A5
2% o HATZE FREATE{EEA (Robust perception) EEFFEA (Active
perception)  FHJA DL RURCCE s VB I FCEI IR - B EAIIS2 G R
EEDAMEE > DL vl R EE B AR NEITE R D IR R AT E A S > Gert
Kooststra INIAFE T RE > — BT EARf 48 v iSRS iT 2 A MEIR I BRI E k)
19 DL 2568 - Ib4h  BpR BB IRIEY A48 F mee B A BA S - Te SR
78 > Gert Kooststra 75—t T REUZ (RS N B TEIRIERIEEAE ST » £
e ANBEH BT E & N2 G RRAG A - BERE > DUBHLE (& Syi B i sRAY

SARERN ©
3. Lammert Kooistra

Lammert Kooistra ¥/ WR ZHERK EZEEAT A > HifR TEERS
FEECHITT 7% ~ Tei I DABH S K ST AE FE 447 - E A BURiT B & UAV A 2 B
A~ TEpERHE - EHEUH - ML DU EA R IR r ISR EE R
B REIREE o HATHVFTHRECE A AR RIS Bk Ay 22 ] ~ BRI
SEERHEEEE ] - BILERREEBROEYRE - IR BEHEEY S EEE
FEREEEFIAERAMIR - ARISEHE5 % (solar-induced fluorescence,
SIF) o

4. Tom Theeuwen

Tom Theeuwen £ WUR L 1&HF5E 8 » st EELUERZE AT - W ESFIH
NPEC % PAIEAH #E 1T 2 Z IR 15T  287EW9T A High-Throughput
Phenotyping Climate Chamber BEZHERE FIRATAEFEFE (reciprocal
cybrids) BREFHVRAZERM: - A2 CEIFARCRER - A RFER  E—F
FE A B R e 7= o] b T S SR (Y AR © Tom Theeuwen [HJFF
53 (A NPEC B E4HAVASERBE ~ GBI -

5. Gerrit Polder
Gerrit Polder M-EEBfE Btk Gy » WIEHHIEEA R ay4E
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{EYVE - H 2004 SEFFa - BIEUER SRR ES SURAIES RIS IE R T
Z - T LU R SRR E RS & DL RIS 8229 & (potato virus
Y) DUGHER = NEH @R EREAY DL J57% < IhFh > Gerrit Polder 18+
WAEEA LT EE: (chemometrics) & IRV BRI 7744 & DL A1 DL
TR GG ARG RAVRE R T BT T
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i~ DS HEERETH

ARIFEHZI WIR R HERAE - (ARG S i2n [ e
FITEM R E X EEIREN T - EGHE RIEE BN « b » 25 NPEC
DU FE N EHETTASM » BRI EI R R AR 2R 9T 38 B DA S B 2 R A o
B OEYEETAARERDE o DUNRE OSBRSS Ry a0 T
— ~ tHYRAERIE

YRR ST 75 T EA BRI 25 BRI R B R - FE A ERHHEEL -
FRIHEL TR R - FEUEY) B IS MEARETTRANE 21 o TEMIEIHSE B AVE AR
Itz FRIVEAR (PRE ~ AETREEER) B > WVAMESS P R B A 304 o] i
FUEMEYIFT S ERI AR - N BBR THEINEY A HE - VLB A
FLERYRIRE ~ BRI > ENFRAVESS ~ SEIIRESEEE » VAR
TR O IERERRERAERES ~ BRI A B TR — (R
Bh o RIS SR E S G RE R - 5 () Gl Bl - —%
JCEEARME - SREARIESE - e - REE S SHRFR B REGRM OLia
&~ HE -~ BIE) - BN GERGEIREMHE KPE YRS SEREUENE
o BRE (- BE) HERtEEERGERIINEE - S TR
SR AT > BN SE A RIS > P (IR (RYOR= - KH) > fE
VI RIEE: (40 ~ Bov) ~ 264E80) - MEYIERE (IR ~ 5 B 41 RE) - F
YiEEREL RS el ~ FETEA)  SBRcA R ERS - It A EE UL
EEsTED - EHVEENIEEER - BRRNGEER S ITH#ET -
=~ EYRAER T

FHTE )R ARG B0 TR 45 S i E BV B RER BT 70 Fest% ~ BE BLREE &
R WA TRASE R Rt 5T N B TR AVASERTFT AV EE —(E L - DA
KRR SIHIREIZ G T2 R - FZLL Python ~ R ~ Image] #UREACE1E
ISR TEEE R WE— PR IAREEEERUER S ITER - £S5
FOES A E PRI T - @it A B SR B AR GE S R E I
Python * R PARf#FH Image] ~ CloudCompare ZEFaJE ~ toERefEgE ST » A ETT
(i & AR E R AR B0 S 223 DUETE RN ~ BEAURC S -
=~ BiER B E  REE R R HTRE ]

WARBITREL AT SE e S, ~ Rl s B SR - YR i
B~ Ry RERER - ORER - RHZRSE - FrathtVEYFRE ] 55 B
RIRFTERZE (INBUPRE ~ 4568) BERTTEEE (Ol - Buofs ~ BEarEa) W
I HH o HATERFR S oEERER (R HEAFISENEY)) DUCKH
28 (MR REMSEIREERS ) FERER - HrioR = AR AR n] T I NS
AR~ 4518~ EOEES  BR - BRI 0 REARSGRIAETIMNETPRE
GENES ~ ZHNEE T

—RRIMNE » B EIAR E B =S R T A &

F > ARTCE — R 58 BRI ST ES - S T E P B L B R SR B
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JTEIHER O {T1% > FRMEREDR ZE ~ KRHETEORRIS - R A a5 -
HEAPEER TS » BIRFA 0 H AT S A B MR Mrali » B 22 Bl
Rer iR - A HBEANIEYES - K/ BT EmEE - ol - KB
R MR i - DG i B B B P B R A E UGS ~ 7oiree )] - BIME
YIRSy i AR R SR I ST B F B B R S ey 2 PR LS i PR i o R R At
SR MR A BEE 7T ERERAERICEB M ER R 2 - A%
P 7 FH B 22 2 B A v D R PE B AT et > BRI 2R R A S5 DM SE 50RE
A AREEE » BURRSIHST Bl E  RATE RS BE 178 Ry i SR S]]
RGOSR 5T E A Bl 2 fe iy B2 AR o
M~ YRR R H
. ZEF AR EABRPTBUE BT B S
BEEABATEZEE P O EA S ENEYEEER - FIHSBEEEREY
# (high-throughput genotyping) » K&. (Glycine max) BE.H 21,698 {EHU G
o BEATROLUEE (core collection) JEEEE (256 {EULEER) - & (Solanum
lycopersicum) ~ ML (Capsicum annuum) ~ N (Cucumis melo) RSN
292 & ~ 250 { ~ 96 (UL EE 2 EH AL DU IERT - + A ERIEREE HE

(Brassica oleracea) ~ Hit (B. oleracea var. italica) ~ {EMF3E (5.

oleracea var. botrytis) FIH/NMEFAHSRERTE o] 21 # RS
(double haploid, DH) WEEE - 3K (Zea mays) FlF Gal-S B> F KBz
INA]ERIEE B EE 4 DH JREE - Lt iEEH &R - (RIBECE ~ EEFR K HE
HETERSHEERE BTN (WRRIR - U - fid) RS HIE
Foa ARG EET (genomic selection) ~ ALRIAHREANE 71T (genome-wide
association study, GWAS) fnzffmiE BELff HEMRZ Al Mm% (pre-
breeding line) » AREFBIEERL (genotype, G)ELFRAY (phenotype, P) HY
Bif% (G to P) o TDAMIAT I ABESRAGEE (ARG TSR 2 ER » Al hIzk
FrEMik - 2R ERYEEYEEER - FMEEREGIR - SERHEEFIER}
T EER RS -

2 FIERSEBUR
HEIRSEER HATLUFZEMREE ~ SRIEBERE ML > e #E 2 FY)
HERERE & RIS EHEE AR « B ERIRCR - AR RIEEERE

TEVIMEAR AVEL & 2RI EAE P ME 235 DR AR S S ST S S MR B IR, o (FILER Sy
PR RIS (%) el ~ TEGREDE - RILEE LIRS A 9ush
(root system architecture, RSA) FEREITITTTE  BeETHEEMAEIEIEYIIE
U (functional structure plant model, FSPM)AVFEH - &) G B #HE S AT
Bk RA R - TNIEEYIR DL R AR 258 (@ MR A o
i~ REHVEESE

AR 51 NPEC HAfH > Dr. Rick FniE] NPEC ATEFERRILY 10 4 > 48
EFEEL 220 BEUT » 4851H 6 M EE - 28T R E @R A& T
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BV PNC A EOE S S RN S V& 3TN = ENEE ARy ST s b )
RGO~ R TEYEE - EER AR ~ TEYIRUE S - NPEC SOV ERS &
T A R SR AR B SR R A T AR L - A YR AG T
gt~ MEFES R RS RS NGB N E AR 4 o SRS HARROE By
i ATRERFERAYAG RO R AR ~ IR BRI R 2 R R ~ BARZEE - ZEiE
TS IRV T8 TR R ~ RARSEREEAFE K - RS NPEC 1212
TIRGERFLEER e S B M e EIE P e PR B A I e P BB S3
(<~ BRBFEF R Z AR > BIEIRR « Bl -

27 NPEC =2 EINE - 15 2REEEFEEE - BEREEULAR
BRI B AR P B o3 i oL e AR B P A B g T s
1. B EUERS
B R 53 oL e (L FEAR [ A R S B T e BB » FTsdT 2
BT ~ HERESERSIE DAE A M = FEIAMES T E TP O 2% - Bl BRI
BTt A E R BESEEER - [BEEAAHEAEEEES > faRiRE
PRI T ~ SR E RN - BRSBTS - DU ES
T ERERR - BR - BAER K PR - ERECHEITI B EY)FRA
SR 2 E A RS o
2. BELKE
B IEFRIL i RS ~ BB A P RN ARG EE » A
iM% = HKE AR EYE AR E81E - & - DUNPEC fffl - HRIH T HEE
g2 Dutch Science Organization ~ WUR £ UU <L JE » WA YN EE (T A1FL
N EIECEA A B GER - RIAE BN EIERTE T E - F2ASME » NPEC
R B REE TR AT KB T EEIOREm AT S F -~ BN 225
Frasdest ~ BT HURAIERA BT - BN EESE 2RSS0 T
(1) . EFXERME
BUZAE IR B MR OIS 113 SRR 5 RERE ~ Bt - BAEHE S
i ERTRR R ~ 4 (BRE) ~ AJISCHEEMIER 112 T b fE
¥ > DIE R EEKE -
(2) . WEREER
IR S Sa I ISEaN=
B RIS B 2 RAVE RN R L HrRE ST AR RER 9T
B EREA LN TR TE S
B FFERR - BeERKZFRAREE
I TR EN PG T E PR BRI T B S -
(3) . HhR&E
b b alCR A B A B AT 7R FH B R S e - RSN IR AN A H] ~ REE
Rl A R S B DL S S - st siitsest = 07 \F Hh
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RECEAR LN B AR AL fR T

B HEERAE FEA EERBTR THINE T ERHEME - &TFE
BRI TS > KEHE > IR TS -

B HEEhE EANE S N S E TR A N B R P TR T
RIBETE Tt HINS - HEIREYRIL i PO T ZRe = -

B JHEEFE 2% PPN (International Plant Phenotyping Network)
B2 BREEEUN P B S B R B FREB (1 FH TPPN A& IRR AL ekt
i - HEEE TR ES - eMGaRA e T8 AL 0
R TR 1B B IRt S E N AR ER AR IR - B
It - BEFAT2R IPPN R » HHEE VS E R E e E - EEiSNEAL
WHEsTEH TR - STEEHHEERBITETEZ - BERBEREY*E
RO TR -
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AR BISNIEYIR R T ERIZ 250 NPEC £ H R B % - ERIERL
SEEMTIVEATRE A MHE KRAVEETT > 230 NPEC 1% » BB SR 7y
e LAY - s E ST A —BAVEDE - BEINS - RACEN%E
SHREISAHYIREL T O FERE - MFE RS EE ATIACE - WA EEEL
i~ Bt R > ARG RMAYRIEG SIS BN It « ERIER - 4
YOAZR 550 NPEC - HEEWTFE N B SRy 22/ Vi 25 i 1EEHEE RS
e EACEREY 10 5 - 225 A IBHRSIHEYIRAG YT - kR ATT
B BT B Ry B AR R A b OIS SR TR T ST RE RV BRI BN 2
RIE - AP PR B S IR B o3 A oo O [l R 5 TP - ]S B R AUAG IR
%~ BRI TERERE « EA SR AERE ST - MEREIE YRR A0
HAEAT] ~ &8 AN MRAE O BHEHECE - AAMSHR R EE -
B BRIARERES - EIEREII - ERSFES > BREYER
B O ER e S IR s TR It E F B R EIREN - RS
BH5E ~ FERSRISEY -5 o A E SR E AT TS ~ o RBsIne, - 200t
] IR PR A )RS SR S8 e » IS AR S IR AL i L B IEE
WFFeRE B DL FARREER > THRR - BEFEFK -
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Standard Climate-controlled
EcolLab 500 EcolLab 500

1. NPEC 5.0 Ecotron f&2H o

25



Helios
Plant Shoot Architecture

« 3D laser scanning triangulation

- RGB Morphometric Imaging

« High-Sensitivity Kinetic Chiorophyll Fluorescence Imaging
« Multi-Excitation Fluorescence Imaaging

« VNIR hyperspectral imaging

Hades
Plant Root Phen o'.yping

« BEAW Morphometric imaging

- Hig Kinetic Chlorephyll Flboreseence Imaging
ence Imaging

- VNIR

2. NPEC f0y Plant-Microbe Interaction Phenotyping f#4H -
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3. NPEC 540 Multi-Environment Climate Chambers F4H -

VRN

-~

Multi-environment-.chamber

- -
v

& 4. NPEC 50> High-Throughput Phenotyping Climate Chamber
4l o
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Conveyor
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5. NPEC H.0» GreenHouse Phenotyping
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6. NPEC H.0» TraitSeeker f5H4H -

7. Rick van de Zedde £7HH NPEC H v iE kR & -
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2k ~
Fifssk— ~ HYPREROITERE - SRENE -

Day 1: Monday 3 July 2023
WAG‘E NI NGEN Introduction day + image acquisition
UNIVERSITY & RESEARCH - -
e Welcome and introduction to the Summer School
« Introduction to image analysis and phenotyping
« Image sensors and acquisition
= Assignments and practice with project cameras

Day 2: Tuesday 4 July 2023

Noise filtering

= Noise and image enhancement with assignments

e Industry perspective

e Guided tour research facilities at NPEC (Netherlands Plant
Eco-phenotyping Centre)

Day 3: Wednesday S July 2023
Segmentation and image shape features
« Introduction to segmentation and assignments
« Machine learning
— Classical Machine learning: K-MEans, Linear discriminant,
svn, neural network, supervised/ unsupervised, clustering
Summer School — Lab session image shape features and machine learning

Image Analysis for Plant Phenotyping  rcav s« mursday 6 3uly 2023

Neural networks and deep learning
« Deep learming
= Lab segmentation II (segmentation using neural networks)
Outline and topics Image acquisition :ith Pythz:: jit :
. ~ - yperspectral imaging
In this program, a mixture ofrlectures from Noise ﬁltenng - 2D VSIS
experts from Wageningen University &

- - e 3D interactive Plant phenotyping Marvin
Research and leading international experts Segmentation and image shape features e Lab session 3D data analysis/interpretation

in this domain, are combined with hands- Machine learning
on training. During the Summer School Day S: Friday 7 July 2023
there is ample time to discuss the issues of 5 Imaging, data and practicals
importance to your company/institutions 3D vision + Imaging and data management

> x 2 - - = Data analysis and application
with the experts. The following subjects will Imaglngl data and practlcals e Questions 8 answers
be addressed:  Evaluation and certification ceremony

Deep learning
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Fifg— ~ BEz(HE

B Dayl 3

v noise filtering part 1

nr_leaves = 10
nr flowers = 3
print("This plant has", nr_leaves, "leaves and", nr_flowers, "flowers")
import time
for i in range(5):
time.sleep(1)
print("#", end = '")
lgit clone https://git.wur.nl/koots006/summerschool -image-processing-for-plant-pheno ng.git data
import numpy as np

import cv2

import matplotlib. lot as plt

from mpl toolkits.axes gridl import make axes locatable

plt.rcParams[ 'figure.figsize']

imshow rgb(im

img rgb = cv2.cvtColor(img bgr,cv2.COLOR BGR2RGB)

plt.imshow(img rgb)

colorbar(mappable):
mappable.axes
fig = ax.figure
divider = make axes locatable(ax)
cax = divider.append_axes("right", size="5%"

return fig.colorbar(mappable, cax=cax)

np.array([[0,0,1,0,0]], dtype=np.uint8)

2

np.array([[1,2,3]1])




filtered signal = cv2.filter2D(signal, -1, kernel)
print("The signal: ", signal)
print("The kernel: ", kernel)
print("The result: ", filtered signal)
create averaging kernel 1D(kSize):
1f not (kSi1ze%2==0):
kernelO = np.ones(shape=(1,kSize))/kSize
return kernelQ
else:
print('Not allowed kernel size')
averaging kernel = create averaging kernel 1D(3)
print ("Kernel:", averaging kernel)
print("Sum of the weights:", averaging kernel.sum())

signal = np.array([[3,15,6,9]], dtype=float)

filtered signal = cv2.filter2D(signal, -1, averaging kernel, borderType=cv2.BORDER CONSTANT)

np.set printoptions(precision=2)
print("The signal: ", signal)
print("The kernel: ", averaging kernel)

print("The result: ", filtered signal)

200;

np.linspace(0,2*np.pi, n).reshape((1,n))
np.cos(x) +0.3*np.random.randn(1, n)
figure(figsize=(10,8))

.plot(x[0,:1, y[0,:])

.xlabel('x")

.ylabel('y")

.title('A distorted sine wave')

. show()

averaging kernel 1 create_averaging kernel 1D(3)
averaging kernel 2 = create_averaging kernel 1D(9)

print("Filter 1:",averaging kernel 1)




print("Filter 2",averaging kernel 2)

y filtered 1 = cv2.filter2D(y, -1, averaging kernel 1, borderType = cv2.BORDER CONSTANT)

y filtered 2 = cv2.filter2D(y, -1, averaging kernel 2, borderType = cv2.BORDER CONSTANT)

figure(figsize=(16,8))
.plot(x[0,:], y[0,:], 'gray', label="signal")
.plot(x[0,:], y_filtered 1[0,:], 'b', label="filterl, size %d" % averaging kernel 1.size)
.plot(x[0,:], y_filtered 2[0,:], 'r', label="filter2, size %d" % averaging kernel 2.size)
.legend()
. show()
create averaging kernel 2D(kSize):
1f not (kSize%2==0):
kernel = np.ones(shape=(kSize,kSize))/(kSize*kSize)
return kernel
else:
print('Not allowed kernel size')

averaging kernel 2D = create averaging kernel 2D(5)

np.set printoptions(precision=2)

print(averaging kernel 2D)

show images(images, cols=2):

figwidth = 20;

hw_ratio = images[0][0].shape[0]/images[0][0].shape[]]

rows = int(np.ceil(len(images) / cols))
figheight = figwidth * hw_ratio /cols * rows
plt.figure(figsize=(figwidth, figheight))
for 1, image in enumerate(images)
plt.subplot(rows,cols,i+l)
plt.imshow(image[0], cmap='gray', vmin=0, vmax=255)
plt.title(str(image[1]))
plt.xticks([]), plt.yticks([])

. show()

cv2.imread( 'data/noise filtering/leaf.jpg', cv2.IMREAD GRAYSCALE)




noise = np.random.randn(img.shape[0], img.shape[1])
noise = 10*np.sign(noise)*noise**2

img noise = np.clip(img + noise, 0, 255).astype('uint8")

img filtered = cv2.filter2D(img noise,-1,averaging kernel 2D)

show images([(img,"Original image"),(img noise,"Noisy image"),(img filtered,"Averaging filter applied

to noisy image")])

blur = cv2.blur(img noise,(5,5))

show_images([(img, "Original image"),(img noise,"Noisy image"),(blur, "Blurred image")])

from mpl toolkits.mplot3d import Axes3D
from matplotlib import cm

from matplotlib.ticker import LinearLocator, FormatStrFormatter

getGaussianKernel (kSize):

gaussian kernel 1D = cv2.getGaussianKernel (kSize, 0)

gaussian kernel 2D = gaussian kernel 1D * np.transpose(gaussian kernel 1D)
return(gaussian_kernel 2D)
kernel_size = 25

gaussian _kernel = getGaussianKernel (kernel size)

np.arange(0, 25)
np.arange(0, 25)
Y = np.meshgrid(x, y)
gaussian_kernel
fig = plt.figure(figsize=(15,8))

ax = plt.subplot(projection="3d")

surf = ax.plot surface(X, Y, Z, cmap=cm.coolwarm,

linewidth=0, antialiased=




ax.zaxis.set major locator(LinearLocator(10))

ax.zaxis.set major formatter(FormatStrFormatter('%.02f"))

fig.colorbar(surf, shrink=0.5, aspect=5)

plt.show()

kernel size = (7,7)
blur = cv2.GaussianBlur(img noise,kernel size,0)

show_images([(img, "original"),(img noise,"noisy image"),(blur, "Gaussian blurred image")])

v noise filtering part 2

lgit clone https://git.wur.nl/koots006/summerschool-image-processing-for-plant-phenotyping.git data
import numpy as np

import cv2

import matplotlib.pyplot as plt

from mpl toolkits.axes gridl import make axes locatable

show images(images, cols=2):
figwidth = 20;
hw_ratio = images[0][0].shape[0]/images[0][0].shape[]]
rows = int(np.ceil(len(images) / cols))
figheight = figwidth * hw_ratio /cols * rows
plt.figure(figsize=(figwidth, figheight))
for 1, image in enumerate(images)
plt.subplot(rows,cols,i+l)
plt.imshow(image[0], cmap='gray', vmin=0, vmax=255)
plt.title(str(image[1]))
plt.xticks([]), plt.yticks([])

.show()

cv2.imread( 'data/noise filtering/leaf.jpg', cv2.IMREAD GRAYSCALE)

= np.random. randn(img. shape[0], img.shape[1])
noise = 10*np.sign(noise)*noise**2
img_noise = np.clip(img + noise, 0, 255).astype('uint8")

img_gaussian = blur = cv2.GaussianBlur(img_noise,(7,7),3)




img median = cv2.medianBlur(img noise, 5)

show_images([(img,"Original"), (img noise, "Noisy image"), (img gaussian, "Gaussian filter"),
(img_median, "Median filter")])

img_gray = cv2.imread('data/noise filtering/practical noise small2.png',0)

import matplotlib.patches as patches

plt.figure(figsize=(20,15))

plt.imshow(img gray, cmap='gray', vmin=0, vmax=255)

rect = patches.Rectangle((0, 500), 200, 100, linewidth=1, edgecolor="r"', facecolor="none'")
plt.gca().add patch(rect)

plt.show()

img _gray crop = img gray[500:600,0:200]

plt.figure(figsize=(20,15))

'

plt.imshow(img gray crop, cmap='gray', vmin=0, vmax=255)

plt.show()

img_gray = cv2.imread('data/noise filtering/practical noise small2.png',0)

img _gray crop = img gray[500:600,0:200]

k size = 3

img_gaussian = cv2.GaussianBlur(img gray crop, (k size, k size), 0)

img median = cv2.medianBlur(img gray crop, k size)

show_images([(img gray crop, 'Original cropped image'), (img gaussian, 'Result of the Gaussian blur

filter'), (img median, 'Result of the median filter')])

img _gray = cv2.imread('data/noise filtering/practical noise small.png',0)
k size = 7
img gaussian = cv2.GaussianBlur(img gray, (k size, k size), 0)

img_median = cv2.medianBlur(img_gray, k_size)

show_images([(img gray, 'Original image'), (img gaussian, 'Result of the Gaussian blur filter'),

(img median, 'Result of the median filter')])

addGaussianNoise(img, sigma):
noise = sigma*np.random. randn(img.shape[0],img.shape[1])
img_noise = np.clip(img + noise, 0, 255).astype('uint8")
return img_noise
getNoisylmagel (sigma):
img_gray = 50*np.ones((150,200), dtype='uint8")
img_gray[0:150, 0:100] = 200

img_gray _noise = addGaussianNoise(img_gray, sigma)




return img gray noise
getNoisyImage2(sigma):
img_gray = 50*np.ones((150,200), dtype='uint8")
img_gray[0:150, 98:100] = 200
img_gray[0:150, 49:50] = 200
img_gray[0:150, 149:150] = 200
img_gray noise = addGaussianNoise(img gray, sigma)
return img _gray noise

img_gray noise = getNoisyImagel(10)

spatial sigma = 9

spectral sigma = 15

k size = spatial sigma*3

img_gaussian = cv2.GaussianBlur(img gray noise,(k size, k size),spatial sigma)

img bilateral = cv2.bilateralFilter(img gray noise,k size,spectral sigma, spatial sigma)

show_images([(img gray noise, 'Original image'), (img gaussian, 'Gaussian filtering'),
(img bilateral, 'Bilateral filtering')], 3)

img_gray = cv2.imread('data/noise filtering/practical noise small.png',0)

spatial sigma = 9

spectral sigma = 15

ksize = spatial_sigma*3

img bilateral = cv2.bilateralFilter(img gray noise,k size,spectral sigma, spatial sigma)
show_images([(img gray, 'Original image'),(img bilateral, 'Results of the bilateral filter')],1)

plt.show()

v noise filtering part 3

lgit clone https://git.wur.nl/koots006/summerschool-image-processing-for-plant-phenotyping.git data
import numpy as np

import cv2

import matplotlib.pyplot as plt

from mpl_toolkits.axes_gridl import make axes_locatable

show_images(images, cols=2):

figwidth = 20;




hw ratio = images[0][0].shape[0]/images[0][0].shape[]]
rows = int(np.ceil(len(images) / cols))

figheight = figwidth * hw ratio /cols * rows

plt.figure(figsize=(figwidth, figheight))

for 1, i1mage in enumerate(images)
plt.subplot(rows,cols,i+l)
plt.imshow(image[0], cmap='gray', vmin=0, vmax=255)
plt.title(str(image[1]))
plt.xticks([]), plt.yticks([])

plt.show()

img_gray = cv2.imread('data/noise filtering/practical noise small.png',0)

spatial sigma = 9

spectral_sigma = 15

k size = spatial sigma*3

img bilateral = cv2.bilateralFilter(img gray,k size,spectral sigma, spatial sigma)

intensity threshold = 128

_, plant mask = cv2.threshold(img bilateral,intensity threshold,255,cv2.THRESH BINARY)

show_images([(img bilateral, 'Image'),(plant mask, 'Binary mask from intensity threshold')])

local threshold = 1

neighborhood_size = 13

local average = cv2.blur(img bilateral, (neighborhood size,neighborhood size))

plant mask = 255*%(img bilateral > local average + local threshold).astype('uint8")

show_images([(img bilateral, 'Image'),(plant mask, 'Binary mask from intensity threshold')])

plant_mask _crop = plant_mask[0:100,350:600]

strel_size = 5

strel = np.ones((strel_size,strel_size),np.uint8)

mask_eroded = cv2.erode(plant_mask crop, strel)




mask dilated = cv2.dilate(plant mask crop, strel)

show_images([(plant mask crop,"Original mask"),

(mask eroded,"Using erosion"), (mask dilated, "Using dilation")])

strel = np.ones((5,5),np.uint8)

mask opened = cv2.dilate( cv2.erode(plant mask crop, strel), strel)

mask closed = cv2.erode( cv2.dilate(plant mask crop, strel), strel)

show_images([ (plant mask crop,"Original mask, M"), (mask opened,"dilate(erode(M))"),

(mask closed,"dilate(erode(M))") 1)

strel_size = (5,5)

strel = np.ones(strel size,np.uint8)

mask opened = cv2.morphologyEx(plant mask crop, cv2.MORPH OPEN, strel)

mask closed = cv2.morphologyEx(plant mask crop, cv2.MORPH CLOSE, strel)

mask open close = cv2.morphologyEx( cv2.morphologyEx(plant mask crop, cv2.MORPH OPEN, strel),

cv2.MORPH CLOSE, strel)

mask_close_open = cv2.morphologyEx( cv2.morphologyEx(plant_mask_crop, cv2.MORPH_CLOSE, strel),

cv2.MORPH OPEN, strel)

show_images([ (plant mask crop,"Original mask"), (mask opened,"opening"), (mask closed,"closing"),

(mask_open_close,"closing(opening(M))"), (mask_close_open,"opening(closing(M))")])

v noise filtering part 4

lgit clone https://git.wur.nl/koots006/summerschool-image-processing-for-plant-phenotyping.git data
import numpy as np

import cv2

import matplotlib.pyplot as plt

from mpl_toolkits.axes_gridl import make_ axes_locatable




show_images(images, cols=2):
figwidth = 20;
hw ratio = images[0][0].shape[0]/images[0][0].shape[1]
rows = int(np.ceil(len(images) / cols))
figheight = figwidth * hw ratio /cols * rows
plt.figure(figsize=(figwidth, figheight))
for 1, i1mage in enumerate(images)
plt.subplot(rows,cols,i+l)
plt.imshow(image[0], cmap='gray', vmin=0, vmax=255)
plt.title(str(image[1]))
plt.xticks([]), plt.yticks([])

plt.show()

simple mask = np.array([[0, 1, O,

1, 11],dtype="uint8")

plt.figure(figsize=(5,5))
plt.imshow(simple mask, cmap='gray')
plt.show()

from random import random

from matplotlib import colors as cl

coco_nr, coco_labels = cv2.connectedComponents(simple mask, connectivity=4)

colors = [(0,0,0)] + [(random(),random(),random()) for i in range(coco nr)]
new_map = cl.LinearSegmentedColormap.from list('new map', colors, N=coco_nr+l)
plt.figure(figsize=(5,5))

plt.imshow(coco labels, cmap=new map)

plt.show()

coco nr, coco_labels, coco stats, coco centroids = \

cv2.connectedComponent sWithStats(simple mask, connectivity=4, ltype=cv2.CV_32S)

for i, coco stat in enumerate(coco stats)

bbox_x = coco_stat[cv2.CC_STAT LEFT]




bbox_y = coco_stat[cv2.CC_STAT TOP]
bbox w = coco_stat[cv2.CC _STAT WIDTH]
bbox_h = coco_stat[cv2.CC_STAT_HEIGHT]
coco_size = coco_stat[cv2.CC STAT AREA]
1f(i=0):

print("Background; bounding box, top-left corner: (x:%d,y:%d),

(bbox_x, bbox y, bbox w, bbox h, coco size))
ellges

"

print("Coco",1, "; bounding box, top-left corner: (x:%d,y:%d), width: %d, height: %d; size: %d"

(bbox_x, bbox y, bbox w, bbox h, coco size))

colors = [(0,0,0)] + [(random(),random(),random()) for i in range(coco nr)]

new _map = cl.LinearSegmentedColormap.from list('new map', colors, N=coco_nr+l)

plt.figure(figsize=(5,5))

plt.imshow(coco labels, cmap=new map)

plt.show()

filterCocoMinSize(coco nr, coco labels, coco stats, coco centroids, min size)

new_coco_nr = 1

new _coco labels = np.zeros(coco labels.shape, dtype=coco labels.dtype)

new _coco_stats = coco _stats[0]

new _coco _centroids = coco _centroids[0]

for 1, coco stat in enumerate(coco stats)

1f(1=0):

continue

coco_size = coco_stat[cv2.CC_STAT AREA]

1f(coco_size >= min_size):
new_coco_labels[coco labels==i1] = new coco nr
new_coco_nr += 1
new_coco_stats = np.vstack((new_coco_stats,coco_stat))

new_coco_centroids = np.vstack((new_coco_centroids, coco_centroids[i]))




return new_coco_nr, new_coco_labels, new coco _stats, new_coco_centroids

coco nr, coco_labels, coco stats, coco centroids = \

cv2.connectedComponent sWithStats(simple mask, connectivity=4, ltype=cv2.CV_32S)

min size = 4
new_coco_nr, new _coco labels, new coco stats, new _coco centroids = \

filterCocoMinSize(coco nr, coco labels, coco stats, coco centroids, min size)

colors = [(0,0,0)] + [(random(),random(),random()) for i in range(coco nr)]
new map = cl.LinearSegmentedColormap.from list( 'new map', colors, N=coco nr+l)
plt.figure(figsize=(5,5))

plt.imshow(new coco labels, cmap=new map)

plt.show()

img_gray = cv2.imread('data/noise filtering/practical noise small.png',0)

spatial_sigma = 9
spectral sigma = 15
k size = spatial sigma*3

img bilateral = cv2.bilateralFilter(img gray,k size,spectral sigma, spatial sigma)

local threshold = 1
neighborhood_size = 13

local average = cv2.blur(img bilateral, (neighborhood size,neighborhood size))

plant mask = 255*%(img bilateral > local average + local threshold).astype('uint8")

coco_nr, coco_labels, coco_stats, coco_centroids = \

cv2.connectedComponentsWithStats(plant_mask, connectivity=8, ltype=cv2.CV_32S)

min size = 400
new_coco_nr, new_coco_labels, new_coco_stats, new_coco_centroids = \

filterCocoMinSize(coco nr, coco labels, coco stats, coco centroids, min_Size)

colors = [(0,0,0)] + [(random(),random(),random()) for i in range(coco nr)]
new_map = cl.LinearSegmentedColormap.from list('new map', colors, N=coco_nr+l)

plt.figure(figsize=(20,15))




plt.subplot(2,1,1)

plt.imshow(img gray,cmap='gray')

plt.subplot(2,1,2)

plt.imshow(new coco labels, cmap=new map, interpolation='None")
plt.show()

print('Number of connected components (not background): ', new _coco nr-1)

fillHolesCocos(coco labels, coco stats)

for 1, coco_stat in enumerate (coco stats)
1f(i==0):
continue
coco_stat[cv2.CC_STAT LEFT]
coco_stat[cv2.CC_STAT TOP]
coco_stat[cv2.CC_STAT WIDTH]
coco_stat[cv2.CC_STAT _HEIGHT]
coco mask = (coco labels[y:y+h, x:x+w]=1).astype( 'uint8"')*255
contours, hierarchy = cv2.findContours(coco_mask, cv2.RETR_EXTERNAL ,cv2.CHAIN APPROX NONE)
cv2.drawContours(coco labels, [contours[O]+[x,y]], -1, (1), -1)

coco_stats[1][cv2.CC_STAT AREA] = np.count_nonzero(coco_mask)

fillHolesCocos(new_coco_labels, new_coco_stats)

colors = [(0,0,0)] + [(random(),random(),random()) for i in range(coco nr)]
new_map = cl.LinearSegmentedColormap.from list('new map', colors, N=coco_nr+l)
plt.figure(figsize=(20,15))

plt.subplot(2,1,1)

plt.imshow(img gray,cmap='gray')

plt.subplot(2,1,2)

plt.imshow(new _coco labels, cmap=new map, interpolation='None')

plt.show()

colors = [(0,0,0)] + [(random(),random(),random()) for i in range(coco nr)]
new_map = cl.LinearSegmentedColormap.from _list('new map', colors, N=coco_nr+l)
plt.figure(figsize=(20,8))

plt.imshow(new_coco_labels, cmap=new map, interpolation='None')

plt.axis('off")




for 1,new_coco_stat in enumerate(new_coco_stats)

): continue
new_coco_stat[cv2.CC ST
new_coco_stat[cv2.CC
= new_coco_stat[cv2.CC
new_coco_stat[cv2.CC
new_coco_stat[cv2.CC
plt.text(x, img_gray. 3 ) T % k , fontsize=12)
plt.text(x, img gray. Size: % s, c ="lk , fontsize=12)

plt.show()

B Day3_1

v' classification.ipynb

import matplotlib.pyplot as plt

import matplotlib as mpl

import mpl toolkits.mplot3d

import numpy as np

import seaborn as sns

import pandas as pd

from sklearn import datasets

from sklearn.decomposition import PCA

from sklearn.discriminant analysis import LinearDiscriminantAnalysis, QuadraticDiscriminantAnalysis
from sklearn.neighbors import KNeighborsClassifier

from sklearn.model selection import train test split

from sklearn.metrics import confusion_matrix, accuracy_score, precision_score, recall_score

from matplotlib.colors import ListedColormap

from sklearn.inspection import DecisionBoundaryDisplay

from s import linalg
plot ellipse(splot, mean, cov, color):
v, w = linalg.eigh(cov)
u=wl0] / linalg.norm(w[O])
angle arctan(u[l] / u[0])

angle = 180 * angle / np.pi

mpl .patches.Ellipse(mean,

angle
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edgecolor="black', linewidth=2)

ell.set clip box(splot.bbox)
ell.set alpha(0.2)
splot.add artist(ell)
splot.set xticks(())
splot.set_yticks(())
plt.plot(mean[0], mean[1], '*', color='yellow', markersize=15, markeredgecolor="'grey")
plotClassificationOutput2D(clf, data, pl, p2):
X = data.drop('y"', axis=1)
fig, ax = plt.subplots()
DecisionBoundaryDisplay.from estimator(

clf, X, cmap="tabl0', alpha=0.5, ax=ax,

response method="predict", plot method="pcolormesh",

xlabel="x1", ylabel="x2"', shading="auto",
)
sns.scatterplot(data=data, x=pl, y=p2, hue='y', palette="tabl0', alpha=1.0, edgecolor="black")
plt.legend(title="'Class', facecolor='white', frameon= )
return(ax)
make triple moons(n_samples = 100, noise = 0.15):
r=1
aa = np.linspace(0,np.pi+3*np.pi/&, n_samples)
ab = np.linspace(-3*np.pi/8,np.pi, n_samples)
ac = np.linspace(0,np.pi, n_samples)

xla =

r*np.cos(ac)
-r*np.sin(ac) + 0.2%r

x1 np.hstack((xla,xlb,xlc)) + noise*np.random.randn(3*n_samples)

x2 = np.hstack((x2a,x2b,x2c)) + noise*np.random.randn(3*n_samples)

y = np.hstack((np.zeros(n_samples),np.ones(n_samples),2*np.ones(n_samples)))

'

my_data = pd.DataFrame({'x1':x1, 'x2':x2, 'y': y})
my data.y = my data.y.astype('category')

return my_data

iris_data = datasets.load_iris(as_frame=




sns.pairplot(data=iris_data.frame, hue='target')

plt.show()

= 'sepal width (cm)'

'petal length (cm)'

= iris_data.data

= iris_data.target
data = X[['sepal width (cm)', 'petal length (cm)']]
data.insert(data.shape[1],"y",y)
sns.scatterplot(data, x=pl, y=p2, hue='y')

plt.show()

data train, data test = train test split(data, test size=0.25)
X train, y train = data train[[pl,p2]], data train['y']

X test, y test = data test[[pl,p2]], data test['y']
print('Training set:")

print(' Nr samples: ", X train.shape[0])

print(' Nr predictors:', X train.shape[l])

print('Test set:")

print(' Nr samples: ", X test.shape[0])

print(' Nr predictors:', X test.shape[l])

lda = LinearDiscriminantAnalysis(store covariance=

Ida.fit(X train, y train)

score test = lda.score(X test, y test)

score train = lda.score(X train, y train)

print("Test accuracy: ",score test)

print("Train accuracy: ",score train)

ax = plotClassificationOutput2D(lda, data_test, pl, p2)
plot ellipse(ax, lda.means [0], lda.covariance , 'blue')

'

plot ellipse(ax, lda.means [1], lda.covariance , 'orange')

'

plot ellipse(ax, lda.means [2], lda.covariance , 'green')

gda = QuadraticDiscriminantAnalysis(store_covariance=

qda.fit(X_train, y_train)

score_test = qda.score(X_test, y_test)

score_train = qda.score(X_train, y_train)




print("Test accuracy: ",score_test)

print("Train accuracy: ",score_train)

ax = plotClassificationOutput2D(qda, data test, pl, p2)

plot ellipse(ax, gda.means [0], gda.covariance [0], 'blue")
plot ellipse(ax, gda.means [1], gda.covariance [1], 'orange')
plot ellipse(ax, gda.means [2], gda.covariance [2], 'green')

data = make triple moons(300, 0.15)

data train, data test = train test split(data, test size=0.25)

X train, y train = data train[[pl,p2]], data train['y']

X test, y test = data test[[pl,p2]], data test['y']

plt.figure(figsize=(5,5))
sns.scatterplot(data=data, x="x1"', y="x2', hue='y")
.legend(loc="lower right',title='Class")
.xlim(-2,2)
.ylim(-2,2)

. show()

lda = LinearDiscriminantAnalysis(store covariance=

data = make_triple_moons (300, 0.15)

data_train, data_test = train_test_split(data, test_size=0.25)
X train, y train = data train[[pl,p2]], data train['y']

X test, y test = data test[[pl,p2]], data test['y']

Ida.fit(X train, y train)

score_test = lda.score(X_test, y_test)

score_train = lda.score(X_train, y_train)

print("Test accuracy: ",score_test)

print("Train accuracy: ",score_train)

ax = plotClassificationOutput2D(lda, data_test, pl, p2)

plot_ellipse(ax, lda.means_[0], lda.covariance_, 'blue")




plot _ellipse(ax, lda.means [1], lda.covariance , 'orange')

'

plot ellipse(ax, lda.means [2], lda.covariance , 'green')

gda = QuadraticDiscriminantAnalysis(store covariance=

data = make triple moons(300, 0.15)

x1'

'x2'

data train, data test = train test split(data, test size=0.25)
X train, y _train = data train[[pl,p2]], data train['y"']

X test, y test = data test[[pl,p2]], data test['y']

qda.fit(X train, y train)

score test = qda.score(X test, y test)

score train = gda.score(X train, y train)

print("Test accuracy: ",score test)

print("Train accuracy: ",score train)

ax = plotClassificationOutput2D(qda, data test, pl, p2)

plot ellipse(ax, gda.means [0], gda.covariance [0], 'blue")
plot ellipse(ax, gda.means [1], gda.covariance [1], 'orange')

plot _ellipse(ax, gda.means [2], qda.covariance [2], 'green')

knn = KNeighborsClassifier(n_neighbors=5)

knn.fit(X train, y train)

score test = knn.score(X test, y test)
score train = knn.score(X train, y train)
print("Test accuracy: ",score test)
print("Train accuracy: ",score train)

ax = plotClassificationOutput2D(knn, data_test, pl, p2)

data train, data val = train test split(data train, test size=0.25)
X_train, y_train = data_train[[pl,p2]], data_train['y']

X val, y val = data val[[pl,p2]], data val['y']

K = np.array([1,2,5,10,20,50,100])

Val_acc = []

for k in K:




knn = KNeighborsClassifier(n neighbors=k)

knn.fit(X train, y train)

score val = knn.score(X val, y val)

Val acc.append(score val)

.plot(K, Val acc, 'r'")

.xlabel ('k")

.ylabel ('Accuracy')

.title('kNN: k vs accuracy on the validation set')
.erid()

. show()

K =20

Test _acc = []

data train, data test = train test split(data, test size=0.25)
X train, y train = data train[[pl,p2]], data train['y']

X test, y test = data test[[pl,p2]], data test['y']

knn = KNeighborsClassifier(n_neighbors=k)

knn.fit(X train, y train)

score test = knn.score(X test, y test)
score train = knn.score(X train, y train)
print("Test accuracy: ",score test)

print("Train accuracy: ",score train)

v mlp _classification.ipynb

lgit clone https://git.wur.nl/koots006/sensing-and-perception-course.git data

import sklearn

import pandas as pd




import numpy as np

import matplotlib.pyplot as plt

from sklearn.datasets import fetch openml

from sklearn.model selection import train test split

from sklearn import metrics

from IPython import display

from data.tutorial dl mlp.mlp utils import *

X, y = fetch openml('mnist 784', version=l, return X y= , as_frame=

X=X/ 255
print("Number of images in the data set:", X.shape[O])

print("Number of features/variables per image:", X.shape[l])

data id = 10
sample image = X[data 1d].reshape( (28, 28))
plt.imshow(sample image, cmap='gray')

plt.show()

print(...)

import random
nr_image to show = 16
plt.figure(figsize=(12,4))

for 1 in range(nr_image to_show):

data 1d = random.randint(0, len(X))

sample image = X[data 1d].reshape( (28, 28))

plt.subplot(2,8,1+1)

plt.imshow(sample image, cmap='gray')

plt.title("Label: %s" % y[data 1d])
plt.tight layout()

plt.show()

X_train, X test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)

size_train = len(X_train)




size test = len(X test)
print("Number of images in the training set:", size train)

print("Number of images in the test set:", size test)

mlp = MLPClassifier(hidden layer sizes=(16), max_iter=100, solver='sgd', learning rate init=.1,

verbose= , random state=1)

fit(X train, y train)

.plot(mlp.loss _curve )
.xlabel('Iteration')
.ylabel ('Loss")
.erid()

plt.show()

test_ids = [0,1,2]

pred = mlp.predict(X test[test 1ds])

for 1, test i1d in enumerate(test 1ds)
plt.subplot(l,len(test 1ds),1+1)
plt.imshow(X test[test 1d].reshape((28,28)), cmap='gray')
plt.title('Test id: %d"' % test 1d)

plt.show()

for 1, test id in enumerate(test 1ds)

print('Test id: %d \t predicted: %s, true label: %s' % (test_id, pred[i], y_test[test_id]))

preds = mlp.predict(X test)

accuracy = metrics.accuracy_score(y_test, preds)

print("Classification accuracy: ", accuracy)
fig = plt.figure(figsize=(20, 20))
for 1 in range(10):

test_1d = random.randint(0,size_test)

img = X_test[test_id].reshape((28, 28))

subplot = fig.add subplot(1,10, i+1)




title = "Pred: " + preds[test_id] + ", truth: " + y_test[test_id]
subplot.title.set text(title)
plt.imshow(img)

plt.show()

correct predictions = y test != preds

error_ids = list(np.where(correct predictions)[0])

show nr cases = 16
plt.figure(figsize=(16,4))
for 1,case i1d in enumerate(random.sample(error ids, show nr cases))
img = X test[case id].reshape((28, 28))
plt.subplot(2,8, i+l)
plt.imshow(img)
plt.axis('off")
plt.title("Pred:" + preds[case_id] + ", Truth: " + y_test[case_id])
plt.show()
all accuracy scores = []
nr of hidden layers = [0,1,2,4]
for n in nr of hidden layers:

print("=== Training with %d hidden layers =—="%n)

mlp = MLPClassifier(hidden_layer_sizes=(16), max_iter=50, solver='sgd', learning_rate_init=.1,

verbose= , random state=1)

mlp.fit(X train, y train)

pred = mlp.predict(X test[test 1ds])

accuracy = ...

all_accuracy_scores.append(accuracy)

plt.plot(nr of hidden layers, all accuracy scores)

plt.xlabel('Nr of hidden layers"')

plt.ylabel('Accuracy')




plt.show()

B Day3 2

v’ tomato sweetness.ipynb

lgit clone https://git.wur.nl/koots006/summerschool -image-processing-for-plant-phenotyping.git data
import sklearn

import pandas as pd

import numpy as np

import matplotlib. ot as plt

import seaborn as sns

from sklearn.metrics import mean squared error,

from sklearn.model selection import train test split

from sklearn.preprocessing import Pol 1alFeatures

from sklearn.linear model import LinearRegression

from sklearn.ensemble import RandomForestRegressor

from IPython import disp

import warnings

warnings.filterwarnings("ignore")
atplotlib inline

plt.rcParams['figure.figsize'] = [10,8]

plt.rcParams.update({'font.s

from data.machine learning.utils import

dataset = pd.read_csv('data/machine_learning/datasets/spectra_lab_ABC.csv')

dataset.describe(include="all")

data_A = dataset[(dataset.variet A')].drop('variety', axis=l)
data B = dataset[(dataset.variet 3')].drop( 'variety', axis=l)
data_C = dataset[(dataset.variet C')].drop('variety', axis=l)
data_all = dataset.drop('variety', axis=l)

print('Nr tomatoes of variety A: ', data A.shape[0])

print('Nr tomatoes of variety B: ', data_B.shape[0])

print('Nr tomatoes of variety C: ', data_ ape[0])
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X all, y all = get X y data(data all, y name='brix")
X A, y A=get Xy data(data A, y name='brix")
get X y data(data B, y name='brix")

get X y data(data C, y name='brix")

wave lengths = np.linspace(470,900,X all.shape[l])

.subplot(2,2,1)
.plot(wave lengths,X all.T)
.title('All varieties')
.xlabel ('Wavelength [-]")
.ylabel ('Reflectance [-]")
.subplot(2,2,2)
.plot(wave lengths,X A.T)
.title('Variety A')
.xlabel ('Wavelength [-]")
.ylabel ('Reflectance [-]")
.subplot(2,2,3)
.plot(wave lengths,X B.T)
.title('Variety B")
.xlabel ('Wavelength [-]")
.ylabel ('Reflectance [-]")
.subplot(2,2,4)
.plot(wave_lengths,X C.T)
.title('Variety C")
.xlabel ('Wavelength [-]")
.ylabel ('Reflectance [-]")
.tight layout()
. show()
g,ax = plt.subplots(l,2,figsize=(10,3))
s.boxplot(data=dataset, x="brix", y="variety", ax=ax[0])
sns . kdeplot(data=dataset, x="brix", hue="variety", fill= , ax=ax[1])

. show()

, y=get X ydata(data_all, y_name='brix")

X_train, X test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)




print("Training set size:", X train.shape[0])

print("Test set size:", X test.shape[0])

regressor = LinearRegression()

regressor.fit(X train, y train)

y_pred train = regressor.predict(X train)
mse train = mean squared error(y train, y pred train)

r2 train = r2 score(y_train, y pred train)

y _pred test = regressor.predict(X test)
mse_test = mean_squared_error(y_test, y_pred test)

r2 test = r2 score(y_test, y pred test)

print (' \nEVALUATION: ")

print('""\t\t Mean Squared Error \t R"2

Training set \t\t %.2f \t\t %.2f

Test set VeVt %.2f \t\t %.2f" " '%(mse_train, r2 train, mse test, r2 test))
plt.figure(figsize=(6,6))

plt.imshow(X all.corr(),vmin=-1, vmax=1, cmap="jet')

plt.colorbar()

plt.show()

reduce wavelengths = 2

X all, y all = get X y data(data all, y name='brix', reduce wavelengths=reduce wavelengths)

print('X shape', X all.shape)

print('y shape', y all.shape)

reduce wavelengths=2

Data = [data_all, data_A, data_B, data C]
Data_names = ["All", "A", "B", "C"]

print('With a reduction of', reduce wavelengths)

for data, d_name in zip(Data, Data_names)

X, vy =get X y data(data, y_name='brix', reduce_wavelengths=reduce wavelengths)

X_train, X test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)




regressor = LinearRegression()

regressor.fit(X train, y train)

print(20*"=", "p:",X train.shape[l], "n:", X_train.shape[0], 20*"=")

evaluate performace regression(regressor, X train, X test, y train, y test, to print=

train mse list = []
test mse list [1
train r2 list [1
test r2 list = []
reductions = np.arange(10)[::-1]
sizes = []
for r in reductions:
X all, y all = get X y data(data all, y name='brix', reduce wavelengths=r)

sizes.append(X all.shape[1])

X train, X test, y train, y test = train test split(X all, y all, test size=0.2, random state=0)

regressor = LinearRegression()

regressor.fit(X train, y train)

mse train, mse test, r2 train, r2 test = evaluate performace regression(regressor, X train, X test,
y_train,

y _test, to print=

train_mse list.append(mse train)
test mse list.append(mse test)
train_r2 list.append(r2 train)

test r2 list.append(r2 test)

.subplot(1,2,1)

.plot(sizes, train_mse_list, label='"train")
.plot(sizes, test_mse_list, label="test")
.legend()

.xlabel('Number of wavelengths"')

.ylabel ('"MSE [-]")

.title('MSE")




plt.subplot(1,2,2)
plt.plot(sizes, train r2 list, label="train')
plt.plot(sizes, test r2 list, label='test')
plt.legend()
plt.xlabel('Number of wavelengths')
plt.ylabel('R2 [-]")
plt.title('R2")
display.clear_output(wait=
plt.show()
Regressors = [
LinearRegression(),

RandomForestRegressor(n_estimators = 10)

regressor in Regressors:

Data = [data_all, data A, data B, data C]

Data_names = ["All", "A", "B", "C"]

print('\nUsing regressor:', regressor. class . name )

for data, d name in zip(Data, Data names)

X, vy = get X y data(data, y name='brix', reduce wavelengths=1)

X train, X test, y train, y test = train test split(X, y, test size=0.2, random state=0)

regressor.fit(X train, y train)

print(20*"=", "p:",X_train.shape[1], "n:", X_train.shape[0], 20*"=")

evaluate performace regression(regressor, X train, X test, y train, y test, to print=
Data = [data_all, data_A, data_B, data C]
Data_names = ["All", "A", "B", "C"]
plt.figure(figsize=(8,8))

for 1, (data, d_name) in enumerate(zip(Data, Data_names))

X, y = get X y data(data, y name='brix', reduce wavelengths=1)

X_train, X test, y_train, y_test = train_test_split(X, y, test_size=0.2, random_state=0)




regressor = RandomForestRegressor(n_estimators = 50)

regressor.fit(X train, y train)

y_pred test = regressor.predict(X test)
plt.subplot(2,2,1+1)
plt.plot(y test, y pred test, '.")
plt.plot([0,12],[0,12],color="orange")
plt.xlabel('Ground-truth Brix')
plt.ylabel('Predicted Brix')
plt.title(d name)

plt.tight layout()

plt.show()

v tomato sweetness and mlp.ipynb

lgit clone https://git.wur.nl/koots006/summerschool-image-processing-for-plant-phenotyping.git data
import sklearn

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

from sklearn.metrics import mean squared error, r2 score

from sklearn.model_selection import train_test_split

from sklearn.neural network import MLPRegressor

from IPython import display

import warnings
warnings.filterwarnings("ignore")
Jmatplotlib inline
plt.rcParams['figure.figsize'] = [10,8]

plt.rcParams.update({'font.size"': 10})

from data.machine_learning.utils import *

dataset = pd.read_csv('data/machine_learning/datasets/spectra_lab ABC.csv')

dataset.describe(include='all")




data A = dataset[(dataset.variety=="'A')].drop('variety', axis=l)

data B = dataset[(dataset.variety='B"')].drop('variety', axis=1)

data C = dataset[(dataset.variety="'C")].drop('variety', axis=1)

data all = dataset.drop('variety', axis=1)

X all, y all = get X y data(data_all, y name='brix', reduce wavelengths=2)

X train, X test, y train, y test = train test split(X all, y all, test size=0.2, random state=0)
regressor = MLPRegressor(solver="1bfgs"', max_iter=2000, hidden layer sizes=[])

regressor.fit(X train, y train)

evaluate performace regression(regressor, X train, X test, y train, y test, to print=

train mse list = []
test mse list [1
train r2 list [1
test r2 list = []

n layers = [0, 1, 2, 4, 6, 8]

fig = plt.figure(l, figsize=(8,4))
for 1 in n_layers:
X all, y all = get X y data(data all, y name='brix', reduce wavelengths=2)

X train, X test, y train, y test = train test split(X all, y all, test size=0.2, random state=0)

MLP = neural_network(i,64)

MLP.fi1t(X train, y train)

mse train, mse test, r2 train, r2 test = evaluate performace regression(MLP, X train, X test,

y _train, y test, to print= )

train_mse list.append(mse train)
test mse list.append(mse test)
train_r2 list.append(r2 train)

test_r2 list.append(r2_test)

fig = plt.figure(l, figsize=(8,4))
plt.subplot(1,2,1)
plt.plot(n_layers[:len(train_mse _list)], train_mse list, label="train')

plt.plot(n layers[:len(test mse list)], test mse list, label='test')




plt.legend()

plt.xlabel('Number of hidden layers"')
plt.ylabel('MSE [-]")
plt.title('MSE")

plt.subplot(1,2,2)

plt.plot(n_layers[:len(train mse list)], train r2 list, label="train')

plt.plot(n_layers[:len(test_mse_list)], test r2 list, label="test")

plt.legend()

plt.xlabel('Number of hidden layers"')
plt.ylabel('R2 [-]")

plt.title('R2")

display.clear output(wait=

plt.tight layout()

plt.show()
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v WUR_SummerSchool12023 CNN Session.ipynb

5+6

import torch

import torchvision
torch.cuda.get device name(0)

import numpy as np

arrQ = np.array( [[3,

print("arr0: \n", arr0)

print("arr0 RowO: {} \narrO Coll{} \narrO Element(1,1){}".format(arrO[0,:], arrO[:,1], arrO[1,1] ))

arrl = np.arange(9).reshape(3, 3)

print("\narrl: \n{}".format(arrl) )

arr2 = np.ones(9).reshape(3, 3) * np.random.uniform(0.7, 0.1)

[

print("\narr2: \n", arr2)
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arr3 = arrl/arr2
print("\narr3: \n", arr3)

print("\narr3 shape: \n", arr3.shape)

x = torch.rand(3, 3)

print(x)

y = torch.rand(3, 3)

print("Tensor addition example:\n", X + y)
print("\nTensor muliplication example:\n", x * y)
print("\nTensor division example:\n", x / y)

print("x coll: {}\ny colO{}".format(x[:, 1], y[0, :]1))

print(torch.cuda.is available())
x.cuda()
y.cuda()

print("x moved to GPU:\n", x c)

z =x_c*y_c

print("Result of operations remains on GPU, if the variables are on GPU\n z=", z)

Z cpu = z.cpu()

print("Data brought back to cpu:\n", z cpu)
z_np = z_cpu.numpy()

print("Numpy bridge:\n", z np)

from  future  import print function, division
import os

from IPython.display import Image

from IPython.core.display import HIML
import torch

import torchvision

import pandas as pd

from skimage import 1o, transform

import numpy as np

import matplotlib.pyplot as plt

from torch import nn

from torch.autograd import Variable

import torch.nn.functional as F

import torch.optim as optim




from torch.utils.data import Dataset, DatalLoader
from torchvision import datasets, transforms, utils

torch.cuda.device count()

download to = './data/MNIST'
transform = transforms.Compose([
transforms.ToTensor(),
transforms.Normalize((0.1307,), (0.3081,))
D
trainset = datasets.MNIST(download to, train= s
download= , transform=transform)
testset = datasets.MNIST(download to, train=

download= , transform=transform)

trainloader = torch.utils.data.Dataloader(trainset, batch size=400,
shuffle= , num workers=4)

testloader = torch.utils.data.Dataloader(testset, batch size=1000,
shuffle= , num workers=4)

classes = ('0", '1", '2",

imshow(img):
img=img*0.1307 + 0.3081
npimg = img.numpy()

plt.imshow(np. transpose(npimg, (1, 2, 0)))

dataiter = iter(trainloader)
images, labels = next(dataiter)

print(images.shape)

plt.figure(figsize=(30,30))

print ('Labels: ')

print(' ".join('%ls" % classes[labels[j]] for j in range(len(labels) )))

imshow( torchvision.utils.make grid(images))




nonlin = nn.Sigmoid

units = 50

Net(nn.Module):

_init_ (self, input size=(1,28,28)):
super(Net, self). init ()

self.features = nn.Sequential(

nn.Conv2d(input_size[0], fl, s), nn.MaxPool2d(2), nonlin(),

nn.Conv2d(f1,f2,s), nn.MaxPool2d(2), nonlin()

)

self.features size = self. get collection output size(input size, self.features)

self.classifier = nn.Sequential(

nn.Linear(self.features size, units), nonlin(),

nn.Linear(units, 10),




nn.LogSof tmax(dim=1)

)

_get collection output size(self, input size, collection):

¢ = collection(Variable(torch.ones(1,*input size)))

return int(np.prod(c.size()[1:]))

forward(self, x):

self.features(x)

x.view(-1, self.features size)

x = self.classifier(x)
return x
img size = images[0].shape
model = Net(img size)
print(model)
params = list(model.parameters())
print(len(params))
print(params[-1].shape)

print(params[-1])

enable cuda =
if torch.cuda.is available()
model . cuda()

enable cuda =

optimizer = optim.Adadelta(params, 1r=0.001)

loss_fn = nn.NLLLoss()

train(epoch, loader=trainloader):

model . train()




for batch idx, (data, target) in enumerate(loader)

i1f enable cuda:
data, target = data.cuda(), target.cuda()
data, target = Variable(data), Variable(target)

optimizer.zero grad()

output = model(data)

loss = loss fn(output, target)

loss.backward()

optimizer.step()

if batch_idx % 500 == O:
print('Train Epoch: [O3/{Y ({:.0fY%)]\tLoss: {:.6f}".format(
epoch, batch i1dx * len(data), len(loader.dataset),
100. * batch idx / len(loader), loss.data.item()))
test loss list = []
test():

model .eval()

test loss = 0

correct = 0

for data, target in testloader:

if enable cuda:

data, target = data.cuda(), target.cuda()

data, target = Variable(data, volatile= ), Variable(target)

output = model(data)

test loss 4= F.nll loss(output, target, size average= ).data.1tem()

pred = output.data.max(1l, keepdim= ) 1]

correct += pred.eq(target.data.view as(pred)).long().cpu().sum()

test loss /= len(testloader.dataset)

print("test_loss: ",test_loss)

test_loss_list.append([test_loss])




print('\nTest set: Average loss: {:.4f}, Accuracy: {}/{} ({:.0f}%)\n".format(

test loss, correct, len(testloader.dataset),
100. * correct / len(testloader.dataset)))
return test loss, correct, (correct / len(testloader.dataset))
max_epochs = 10
for epoch in range(l, max _epochs + 1)
train(epoch)

test()

dataiter = i1ter(testloader)
test images, labels = next(dataiter)

print(test images.shape)

plt.figure(figsize=(10,10))

test image set = test images[0:5]
imshow(torchvision.utils.make grid(test image set))
model.eval()

outputs = model(Variable(test image set.cuda()))

_, predicted = torch.max(outputs.data, 1)

print('Predicted: ", ' '.join('%5s' % classes[predicted[]j]]

for j in range(5)))

dnonlin = nn.ReLU

dunits = 100

n repeats = 10

normal section():
return nn.Sequential(

nn.Conv2d(dfl, dfl, ds, padding="same"), dnonlin(),




nn.Conv2d(dfl, dfl, ds, padding="same"), dnonlin()

batch norm section()
return nn.Sequential(
nn.Conv2d(dfl, dfl, ds, padding="same"), dnonlin(), nn.BatchNorm2d(dfl),

nn.Conv2d(dfl, dfl, ds, padding="same"), dnonlin(), nn.BatchNorm2d(dfl)

residual section(nn.Module):
_init_ (self):
super(residual section, self). 1nit ()
self.convl = nn.Conv2d(dfl, dfl, ds, padding="same")
self.conv2 = nn.Conv2d(dfl, dfl, ds, padding="same")
self.nonlinl = dnonlin()
self.nonlin2 = dnonlin()
forward(self,x):
residual = x
out self.nonlinl(self.convl(x))
out = self.nonlin2(self.conv2(out))

return out + residual

repeat_section(section_type, n_repeats)

return nn.Sequential (*[section_type() for x in range(n_repeats)])

section_type = normal Section

Net(nn.Module):
__init__(self, input_size=(1,28,28))
super(Net, self). init ()
self.features = nn.Sequential(
nn.Conv2d(input_size[0], dfl, ds, padding="same"), dnonlin(),
repeat_section(section type, n repeats),

nn.Conv2d(dfl, df2, ds, padding="same"), nn.MaxPool2d(2), dnonlin(),




nn.Conv2d(df2, df2, ds, padding="same"), nn.MaxPool2d(2), dnonlin(),

)

self.features size = self. get collection output size(input size, self.features)

self.classifier = nn.Sequential(
nn.Linear(self.features size, dunits), dnonlin(),
nn.Linear(dunits, 10),
nn.LogSof tmax (dim=1)

)

_get collection output size(self, input size, collection):

¢ = collection(Variable(torch.ones(1,*input size)))

return int(np.prod(c.size()[1:]))
forward(self, x):
self.features(x)
x.view(-1, self.features size)
self.classifier(x)
return x
model = Net(img size).cuda()
model.train()
print(model)
optimizer = optim.Adam(model.parameters(), 1r=0.001)
loss _fn = nn.NLLLoss ()
trainloader = torch.utils.data.Dataloader(trainset, batch size=400,
shuffle= , num workers=4)
enable cuda =
if torch.cuda.is available()
model . cuda()
enable cuda =
max_epochs = 10
scenarios = {}
model.train()
accuracies = []
epochs = []
for epoch in range(l, max_epochs + 1)
train(epoch, loader=trainloader)
loss, correct, accuracy = test()
epochs . append(epoch)

accuracies.append(accuracy)




ot(epochs, accuracies)

B Day4 1
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import requests

download file from google drive(id, destination):

get_confirm_ token(response):

for key, value in response.cookies.items():

if key.startswith('download warning
return value

return

save_response_content(response, destination):

CHUNK_SIZE = 32768

with open(destination, "y as f:

for chunk in response.iter content(CHUNK SIZE):
if chunk:
f.write(chunk)

URL = "https://docs.goc com/
session = requests.Session()
response = session.get(URL, params = { 'i :id }, stream =
token = get confirm token(response)
if token:

params = 1 : 1d, 'confirm' : token }

response = session.get(URL, params = params, stream =
save_response_content(response, destination)

Imkdir data

download file from google drive('10QTdIAO610nkoZ8ZnSL8hkx8CEQ ', /Ara2013-Canon-Dataset.zip')

Ils -al data/

lunzip -q -o data/Ara 3-Canon-Dataset.zip -d data/
import torch

import torchvision
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from torch import Tensor

import torch.autograd

from torch.autograd import Variable
import torch.nn as nn

import torch.nn.functional as F

from torch.utils.data import Dataset, DatalLoader
from torchvision import transforms

from PIL import Image

import numpy as np

import pandas as pd

import random

import skimage

from skimage import transform, morphology
from skimage.morphology import erosion
from skimage.morphology import disk

from skimage import 10 as skio

from matplotlib import pyplot as plt

from PIL import Image

IPython.display import clear output

resize(image, Size):
return transform.resize(image, size)
adjust brightness(image, scale factor):
return image * scale factor
flip image(image, flip row=
if flip row:
image = np.flip(image, 0)
if flip row:
image = np.flip(image, 1)
return image
random_flips(images):
flip_row = (np.random.randint(2) =
flip col (np. random. randint(2) =

results = []

for image in images:

result = flip_image(image, flip_row, flip_col)




results.append(result)
return results
create mask(labels, do erosion=
= labels[:,:,0]
= labels[:,:,1]
= labels[:,:,2]
rl+gl+bl/3
mask 1 = (1>0).astype(np.uint8)
mask 1 = mask I[:,:] / np.max(mask 1)
mask 1 = mask I.astype(np.uint8)
if do_erosion:
selem = disk(&)
mask 1 = erosion(mask 1[:,:], selem)
mask 1 = mask I[:,:, 1
return mask 1.astype(np.bool)
Ara2013Dataset(Dataset)
_init_ (self, dataset dir, csv _filename, data enrichment=| , transform=
height=128, width=128, categorical= ):
“.dataset dir = dataset dir
“.height = height
.width = width
. transform = transform
“.data_info = pd.read csv( dataset dir+csv_filename, usecols=[0],

names=[ ' Image Name'])

“.image arr = np.asarray(self.dataset dir+self.data info.iloc[:, O]+" rgb.png")

“.label arr = np.asarray(self.dataset dir+self.data info.iloc[:, O]+" label.png")

“.data_len = len(self.data info.index)

“.data_enrichment=data enrichment

f.categorical = categorical

__getitem _(self, index):




img name = self.image arr[index]

image = skio.imread(1img name)

image = self.transform(image)

label image name = self.label arr[index]

label image = skio.imread(label image name)

image = resize(image, (self.height, self.width))

label image = resize(label image, (self.height, self.width))

do_erosion =
1f image.shape[0] < 70
do_erosion =
mask = create mask(label image, do erosion)
if (self.categorical)
mask = np.dstack([1-mask, mask]).astype(np.float32)
if self.data enrichment and np.random.randint(3) == 1:
image, mask = random flips([image, mask])
brightness = np.random.uniform(0.7, 1.2)
image = adjust brightness(image, brightness)
image = image.transpose((2,0,1))
mask = mask.transpose((2,0,1))
return { "image":Tensor(image.copy()), "label":Tensor(mask.copy()) }
_len_ (self)

return self.data len

'

custom dataset = Ara2013Dataset('data/Ara2013-Canon-Dataset/"', 'Metadata.csv', data enrichment=
my dataset loader = torch.utils.data.DatalLoader(dataset=custom dataset,
batch size=4,
shuffle=
imshow(img):

print(img.shape)

npimg = img.numpy()
print(npimg.shape)

plt.imshow(np.transpose(npimg, (1, 2, 0)))




dataiter = iter(my _dataset loader)

sample = next(dataiter)

images = sample[ 'image']

labels = sample[ 'label']
imshow(torchvision.utils.make grid(images))
plt.show()

imshow(torchvision.utils.make grid(labels))

plt.show()

train _dataset = Ara2013Dataset('data/Ara2013-Canon-Dataset/"', 'Metadata train.csv',
data _enrichment= )

val dataset = Ara2013Dataset('data/Ara2013-Canon-Dataset/', 'Metadata validate.csv',
data _enrichment= )

test_dataset = Ara2013Dataset('data/Ara2013-Canon-Dataset/', 'Metadata test.csv',
data enrichment= )

print("Traning Dataset size: ", train dataset. len ())

print("Validation Dataset size: ",val dataset. len ())

print("Test Dataset size: ",test dataset. len ())

train dataset loader = torch.utils.data.Dataloader(dataset=train dataset, batch size=30, shuffle=

val dataset loader = torch.utils.data.DatalLoader(dataset=val dataset, batch size=15, shuffle=

test_dataset_loader = torch.utils.data.Dataloader(dataset=test_dataset, batch_size=5, shuffle=

plt.rcParams["figure.figsize"] = (10,10)

for n in range(0,16,2):

plt.subplot(4,4,n+l)

batch = train dataset[n]
batch["image"].cpu().numpy()
img / img.max()

target = batch["label"].cpu().numpy()

plt.imshow(img. transpose(1,2,0))

plt.subplot(4,4,n+2)

plt.imshow(target[0],cmap="'gray")




model = nn.Sequential(

nn.Conv2d(3, maps 1, 3, padding=1), nn.ReLU(),

nn.Conv2d(maps 1, maps 2, 3, padding=1), nn.ReLU(), nn.BatchNorm2d(maps 2), nn.Dropout2d(),
nn.MaxPool2d(2),

nn.Conv2d(maps 2, maps_ 3, 3, padding=1), nn.ReLU(), nn.BatchNorm2d(maps 3), nn.Dropout2d(),
nn.MaxPool2d(2),

nn.Conv2d(maps 3, maps_3, 3, padding=1), nn.ReLU(), nn.BatchNorm2d(maps 3), nn.Dropout2d(),

nn.ConvTranspose2d(maps_3, maps_2, 3, stride=2, padding=1, output_padding=1),

nn.Conv2d(maps_2, maps_2, 3, padding=1), nn.ReLU(), nn.BatchNorm2d(maps_2), nn.Dropout2d(),

nn.ConvTranspose2d(maps_2, maps_1, 3, stride=2, padding=1, output_padding=1),
nn.BatchNorm2d(maps 1), nn.Dropout2d(),

nn.Conv2d(maps_1, maps_1, 3, padding=1), nn.ReLU(), nn.BatchNorm2d(maps_1), nn.Dropout2d(),

nn.Conv2d(maps_1, maps_1, 3, padding=1), nn.ReLU(), nn.BatchNorm2d(maps_1), nn.Dropout2d(),

nn.Conv2d(maps_1, maps_1, 3, padding=1), nn.ReLU(), nn.BatchNorm2d(maps_1), nn.Dropout2d(),

nn.Conv2d(maps 1, 1, 3, padding=1),

nn.LogSigmoid()
)
enable cuda =
if torch.cuda.is available()
model . cuda()

enable cuda =

optimizer = torch.optim.Adam(params=model.parameters(),lr=0.1)

weighting =

binary_cross_entropy_with_logits(input, target, weight= , Size_average= , reduce=
r"""Function that measures Binary Cross Entropy between target and output

logits.

See :class: ~torch.nn.BCEWithLogitsLoss™ for details.

Args:

input: Variable of arbitrary shape




target: Variable of the same shape as input
weight (Variable, optional): a manual rescaling weight

1f provided i1t's repeated to match input tensor shape
size average (bool, optional): By default, the losses are averaged
over observations for each minibatch. However, if the field
sizeAverage 1s set to False, the losses are instead summed
for each minibatch. Default: " “True
reduce (bool, optional): By default, the losses are averaged or summed over
observations for each minibatch depending on size average. When reduce
1s False, returns a loss per input/target element instead and ignores
size average. Default: True
Examples: :
>>> input = autograd.Variable(torch.randn(3), requires grad=True)
>>> target = autograd.Variable(torch.FloatTensor(3).random (2))
>>> loss = F.binary cross entropy with logits(input, target)

>>> loss.backward()

if not (target.size() == input.size())

raise ValueError("Target size ({}) must be the same as input size ({})".format(target.size(),

input.size()))

max_val = (-input).clamp(min=0)

loss = input - input * target + max val + ((-max val).exp() + (-input - max val).exp()).log()

if weight 1s not
loss = loss * weight
if not reduce:
return loss
elif size average:
return loss.mean()
else:
return loss.sum()
calc _loss(model output, target var)

loss = binary_cross_entropy with logits(model output, target var, reduce=

loss = loss.mean()




return loss
epoch = 0
all train losses = []
all validation losses = []
epoch list = []
run_training=
plot_every = 10
try:
while run training:
epoch = epoch + 1
1f (epoch % plot _every = 0) and (len(epoch list) >= 2):
clear output()
plt.plot(epoch list, all train losses)
plt.plot(epoch list, all validation losses)
plt.xlabel("Epoch number")
plt.ylabel("Cost")
plt.legend(["Train", "Validation"])
plt.show()

print("Epoch %d: Train[" % epoch, end="")

dataloader = torch.utils.data.Dataloader(train dataset, batch size=4, shuffle= , num workers

pin_memory=enable cuda)
train_losses = []
model . train()
for n_batch, the batch in enumerate(dataloader)
optimizer.zero grad()
input var = Variable(the batch["image"], requires grad=
if enable cuda:
input_var = input var.cuda()
model output = model.forward(input var)
target_var = Variable(the_batch["label"], requires_grad=
if enable cuda:
target var = target var.cuda()
loss = calc_loss(model output, target_var)
loss.backward()
optimizer.step()
loss _cpu = loss.data.cpu().item()

train_losses.append(loss cpu)




print("*", end="")
print("] Validation[", end="")
dataloader = torch.utils.data.DatalLoader(val dataset, batch size=4, num workers = 0,
pin_memory=enable cuda)
validation losses = []
model .eval()
for n_batch, the batch in enumerate(dataloader)
print("*", end="")
input_var = Variable(the batch["image"], requires grad=
if enable cuda:
input_var = input var.cuda()
model output = model.forward(input var)
target_var = Variable(the_batch["label"], requires_grad=
if enable cuda:

target var = target var.cuda()

loss = calc _loss(model output, target var)
loss cpu = loss.data.cpu().item()
validation losses.append(loss cpu)

print("] ", end="")

epoch list.append(epoch)

all train losses.append(np.mean(train losses))

all validation losses.append(np.mean(validation losses))

print(" Training Loss = %a, Validation Loss = %a" % (all_train_losses[-1],

all validation losses[-1]))
except KeyboardInterrupt:
print("Training stopped by user.")
del dataloader
.plot(epoch list, all train losses)
.plot(epoch list, all validation losses)
.xlabel ("Epoch number")
.ylabel ("Cost")
.legend(["Train", "Validation"])

. show()

dataiter = iter(test dataset loader)
sample = next(dataiter)

test_images = sample[ 'image']




labels = sample[ 'label']

plt.figure(figsize=(15,15))
test image set = test images
imshow(torchvision.utils.make grid(test image set))

plt.show()

plt.figure(figsize=(15,15))
label image set = labels
imshow(torchvision.utils.make grid(label image set))

plt.show()

model .eval()

outputs = model(Variable(test image set.cuda(), requires grad= ))
outputs cpu = torch.sigmoid(outputs).data.cpu()
plt.figure(figsize=(15,15))

imshow(torchvision.utils.make grid(outputs cpu) )

plt.show()

plt.figure(figsize=(20,20))

for 1 in range(len(label image set[:])-1):
in_image = test image set[i].cpu().numpy()
in_image = 1in_image.transpose(1,2,0)
in_target = labels[i].cpu().numpy()[0]
in_image[:,:,1]
img / img.max()
predicted = outputs_cpu[1][0].cpu().numpy()

final_img = np.dstack([predicted*2, img/3, in_target])

plt.subplot(2,(len(label _image set[:]))//2, 1+l)
plt.imshow(final img)
ToU_threshold = 0.1
dataloader = torch.utils.data.Dataloader(test _dataset, batch_size=1, shuffle= , num_workers = 0,
pin_memory=enable cuda)
model .eval()
IoUs = []

for n_batch, the_batch in enumerate(dataloader)




print( , end="")
input_var = Variable(the_batch["image"], requires_grad=

if enable cuda:

input_var = input var.cuda()

model output = model.forward(input var)

thresholded = (torch.sigmoid(model output)>=IoU threshold).cpu().numpy()
lab = the batch["label"].cpu().numpy()

intersection = np.sum(np.logical_and(thresholded, lab))

union = np.sum(np.logical or(thresholded, lab))

ToUs. (intersection / union)

print(" ean IoU: %f" % np.mean(IoUs))
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Ipython -m pip install

, 0s, distutils.core

lgit clone 'https://github.com/facebookresearch/detectron2’

dist = distutils.core.run setup("./detectron2/setup.py")

' UK

Ipython -m pip install {' ".join([f"'{x}'" for x in dist.install requires])}

sys.path.insert(0, os.path.abspath('./detectron2'))

import torch, detectron2
Invee --version

TORCH _VERSION = ".".join(torch. version .split(".")[:2])

CUDA_VERSION = torch. version .split("+")[-1]

print("torch: ", TORCH VERSION, "; cuda: ", CUDA_VERSION)

print("detectron2:", detectron2.__version__)

print("torch cuda is available:",torch.cuda.is available())

import detect
from detectr .utils.logger import setup logger

setup_logger()

79



import numpy as np

import os, json, cv2, random

from google.colab.patches import cv2 imshow
import matplotlib.pyplot as plt

import urllib.request

from detectron2 import model zoo

from detectron2.engine import DefaultTrainer, Defaul tPredictor

from detectron2.config import get cfg

from detectron2.utils.visualizer import Visualizer, ColorMode

from detectron2.data import MetadataCatalog, DatasetCatalog, build detection_test loader
from detectron2.data.datasets import register coco_instances

from demo.predictor import VisualizationDemo

from detectron2.evaluation import COCOEvaluator, inference on_dataset
from detectron2.modeling import build model

from detectron2.checkpoint import DetectionCheckpointer

from detectron2.engine.hooks import HookBase

import detectron2.utils.comm as comm

data url = "https://figshare.com/ndownloader/files/414547567private 1ink=b363f8788965fbf541fd"

target_file = "R2P data.tar.gz"

urllib.request.urlretrieve(data url, target file)

I'tar xvf R2P data.tar.gz

dataset path = "/content/"

dataset name = "R2P"

classes = ['fruit']

register _coco_instances(dataset name+" train", {}, dataset path+"anns/train lclass.JSON",\
dataset path+"RGB")

train_metadata = MetadataCatalog.get(dataset_name+" train")

dataset_dicts_train = DatasetCatalog.get(dataset_name+" train")

register_coco_instances(dataset_name+" val", {}, dataset_path+"anns/val Iclass.JSON",\
dataset path+"RGB")

test metadata = MetadataCatalog.get(dataset name+" val")

dataset_dicts_val = DatasetCatalog.get(dataset_name+" val")

num _disp = 2




fig, axs = plt.subplots(num disp, 2, figsize=(20,10) )
imcount = 0
for d in random.sample(dataset dicts train, 2):
img = cv2.imread(d["file name"])
axs[imcount,0].imshow( img[:, :, ::-1] )
visualizer = Visualizer(img[:, :, ::-1], metadata=train metadata, scale=0.5)
vis = visualizer.draw dataset dict(d)
axs[imcount,1].imshow( vis.get image() )

imcount = imcount + 1

from detectron2.evaluation import (
CityscapesInstanceEvaluator,
CityscapesSemSegEvaluator,
COCOEvaluator,
COCOPanopticEvaluator,
DatasetEvaluators,
LVISEvaluator,
PascalVOCDetectionEvaluator,

SemSegEvaluator,

verify results,

)
from detectron2.modeling import GeneralizedRCNNWi thTTA
build evaluator(cfg, dataset name, output folder=

wnn

Create evaluator(s) for a given dataset.

This uses the special metadata "evaluator type" associated with each builtin dataset.
For your own dataset, you can simply create an evaluator manually in your
script and do not have to worry about the hacky if-else logic here.
if output folder is

output_folder = os.path.join(cfg.OUTPUT DIR, "inference")
evaluator list [1]
evaluator type = MetadataCatalog.get(dataset name).evaluator type
if evaluator_type in ["sem_seg", "coco_panoptic_seg"]:

evaluator list.append(

SemSegEvaluator(

dataset name,

distributed=




output dir=output folder,

)
" evaluator_type in ["coco", "coco panoptic seg"]:
evaluator list.append(COCOEvaluator(dataset name, output dir=output folder))
" evaluator_type = "coco _panoptic seg":
evaluator_ list.append(COCOPanopticEvaluator(dataset name, output folder))
" evaluator_type = "cityscapes_instance":
return CityscapesInstanceEvaluator(dataset name)
" evaluator type = "cityscapes sem seg":
return CityscapesSemSegEvaluator(dataset name)

"

elif evaluator type == "pascal voc"

return PascalVOCDetectionEvaluator(dataset name)
elif evaluator type == "lvis":
return LVISEvaluator(dataset name, output dir=output folder)
if len(evaluator list) = 0:
raise NotImplementedError(
"no Evaluator for the dataset {} with the type {}".format(dataset name, evaluator type)
)
elif len(evaluator list) = 1:
return evaluator list[0]
return DatasetEvaluators(evaluator list)
Trainer(DefaultTrainer):
We use the "DefaultTrainer" which contains pre-defined default logic for
standard training workflow. They may not work for you, especially if you

are working on a new research project. In that case you can write your

own training loop. You can use "tools/plain train net.py

as an example.
@classmethod

build evaluator(cls, cfg, dataset name, output folder=|

return build evaluator(cfg, dataset name, output folder)
@classmethod

test_with TTA(cls, cfg, model)

logger = logging.getLogger("detectron2.trainer")

logger.info("Running inference with test-time augmentation ...")




model = GeneralizedRCNNWithTTA(cfg, model)
evaluators = [
cls.build evaluator(
cfg, name, output folder=os.path.join(cfg.OUTPUT DIR, "inference TTA")
)
for name in cfg.DATASETS.TEST
]
res = cls.test(cfg, model, evaluators)
res = OrderedDict({k + " TTA": v for k, v in res.items()})

return res

selected model config yaml = "COCO-InstanceSegmentation/mask rcnn R 50 FPN 3x.yaml"
cfg = get cfg()

cfg.merge from file(model zoo.get config file(selected model config yaml))

cfg . MODEL.WEIGHTS = model zoo.get checkpoint url(selected model config yaml)

cfg .DATASETS.TRAIN = (dataset name+" train",)

cfg .DATASETS.TEST = (dataset name+" val",)

cfg.DATALOADER .NUM_WORKERS = 4

cfg .DATALOADER. SAMPLER TRAIN = "TrainingSampler"

cfg.SOLVER.STEPS = (2500, 4000)

cfg.SOLVER.CHECKPOINT PERIOD = cfg.SOLVER.MAX ITER+1

cfg.TEST.EVAL PERIOD = 50

. SOLVER.BASE LR = 0

'g. SOLVER.GAMMA = 0.2

¢ . WEIGHT DECAY = 0.0001

g.SOLVER.LR POLICY = 'steps with decay'

'g. SOLVER . WARMUP_ITERS = 200

cfg.SOLVER. IMS_PER_BATCH = 2

cfg.SOLVER.MAX_ITER = 300

cfg.MODEL.ROI_HEADS.BATCH_SIZE PER_IMAGE = 2048
cfg.MODEL.ROI_HEADS.NUM_CLASSES = len(classes)
MetadataCatalog.get(dataset _name+" train").evaluator_type = "coco"
MetadataCatalog.get(dataset _name+" train").thing classes = classes
MetadataCatalog.get(dataset _name+" val").evaluator_type = "coco"
MetadataCatalog.get(dataset _name+" val").thing classes = classes

os.makedirs(cfg.OUTPUT DIR, exist_ok= )




trainer = Trainer(cfg)
trainer.resume or load(resume=|

trainer.train()

%load ext tensorboard

%tensorboard --logdir output

weightsfolder = '/content/output/

os.listdir(weightsfolder)

cfg = get _cfg()

cfg.merge from file( model zoo.get config file(selected model config yaml) )
cfg.MODEL.ROI_HEADS.NUM_CLASSES = len(classes)

cfg . MODEL.WEIGHTS = os.path.join(weightsfolder, "model final.pth")
cfg.DATASETS.TEST = ("R2P_val",)

model = build model(cfg)

checkpointer = DetectionCheckpointer(model)

checkpointer. load(cfg.MODEL.WEIGHTS)

predictor = Defaul tPredictor(cfg)

num disp = 2
fig, axs = plt.subplots(num disp, 2, figsize=(20,10) )
imcount = 0
for d in random.sample(dataset dicts val, num disp):
img = cv2.imread(d["file name"])
outputs = predictor(img)
axs[imcount,0].imshow( img[:, :, ::-1] )
visualizer = Visualizer(img[:, :, ::-1], metadata=test metadata, scale=0.8)
vis = visualizer.draw instance predictions(outputs["instances"].to("cpu"))
axs[imcount,1].1imshow( vis.get image() )
imcount = imcount + I
from google.colab import drive
drive.mount('/content/drive")
evaluator = COCOEvaluator("R2P_val", ("bbox", "segm"),
val loader = build detection test loader(cfg, "R2P val")

eval_results = inference_on_dataset(trainer.model, val loader, evaluator)
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Ipython -m pip install pyyaml==5.1

import sys, os, distutils.core

lgit clone 'https://github.com/facebookresearch/detectron2’
dist = distutils.core.run_setup("./detectron2/setup.py")
Ipython -m pip install {' '.join([f"'{x}"'" for x in dist.install requires])}

sys.path.insert(0, os.path.abspath('./detectron2'))

import torch, detectron2

Invee --version

TORCH VERSION = ".".join(torch. version .split(".")[:2])
CUDA_VERSION = torch. version .split("+")[-1]
print("torch: ", TORCH_VERSION, "; cuda: ", CUDA_VERSION)
print("detectron2:", detectron2. version )

print("torch cuda is available:",torch.cuda.is available())

import detectron2
from detectron2.utils.logger import setup logger

setup_logger()

import numpy as np

import os, json, cv2, random

from google.colab.patches import cv2 imshow
import matplotlib.pyplot as plt

import urllib.request

detectron2 import model zoo
detectron2.engine import DefaultTrainer, DefaultPredictor
detectron2.config import get cfg

detectron2.utils.visualizer import Visualizer, ColorMode, GenericMask

detectron2.data import MetadataCatalog, DatasetCatalog, build detection test loader

detectron2.data.datasets import register_coco_instances
demo.predictor import VisualizationDemo
detectron2.evaluation import COCOEvaluator, inference on dataset

detectron2.modeling import build model




from detectron2.checkpoint import DetectionCheckpointer

from detectron2.engine.hooks import HookBase

import detectron2.utils.comm as comm

data url = "https://figshare.com/ndownloader/files/414547567private 1ink=b363f8788965fbf541fd"
target file = "R2P data.tar.gz"

urllib.request.urlretrieve(data url, target file)

I'tar xvf R2P data.tar.gz

dataset _path = "/content/"

dataset_name = "R2P"

classes = ['redfruit', 'greenfruit']

register _coco_instances(dataset name+" train", {}, dataset path+"anns/train 2class.JSON",\
dataset path+"RGB")

train_metadata = MetadataCatalog.get(dataset _name+" train")

dataset dicts train = DatasetCatalog.get(dataset name+" train")

register _coco_instances(dataset name+" val", {}, dataset path+"anns/val 2class.JSON",\

dataset path+"RGB")

"

test_metadata = MetadataCatalog.get(dataset _name+" val")

"

dataset_dicts_val = DatasetCatalog.get(dataset_name+" val")

MetadataCatalog.get(dataset_name+" train").thing classes = classes
MetadataCatalog.get(dataset_name+" train").thing colors =
[(255,0,0),(0,255,0),(0,0,255),(255,0,255),(156,225,242) ]
num _disp = 2
fig, axs = plt.subplots(num disp, 2, figsize=(20,10) )
imcount = 0
for d in random.sample(dataset dicts train, 2):
img = cv2.imread(d["file name"])

axs[imcount,0].imshow( img[:, :, ::-1] )

visualizer = Visualizer(img[:, :, ::-1], MetadataCatalog.get(dataset_name+" train"), scale=0.5,

instance mode=ColorMode.SEGMENTATION )
vis = visualizer.draw dataset dict(d)
axs[imcount,1].imshow( vis.get image() )

imcount = imcount + I

from detectron2.evaluation import (

CityscapesInstanceEvaluator,




CityscapesSemSegEvaluator,
COCOEvaluator,
COCOPanopticEvaluator,
DatasetEvaluators,
LVISEvaluator,
PascalVOCDetectionEvaluator,
SemSegEvaluator,
verify results,
)
from detectron2.modeling import GeneralizedRCNNWithTTA
build evaluator(cfg, dataset name, output folder=

wnn

Create evaluator(s) for a given dataset.

This uses the special metadata "evaluator type" associated with each builtin dataset.
For your own dataset, you can simply create an evaluator manually in your

script and do not have to worry about the hacky if-else logic here.

DO

if output folder is

output folder = os.path.join(cfg.OUTPUT DIR, "inference")

evaluator list [1]

evaluator type = MetadataCatalog.get(dataset name).evaluator type

if evaluator_type in ["sem_seg", "coco_panoptic_seg"]:

evaluator _list.append(
SemSegEvaluator(

dataset name,

distributed= s

output dir=output folder,

)
" evaluator type in ["coco", "coco panoptic seg"]:
evaluator_list.append(COCOEvaluator(dataset_name, output_dir=output_folder))
" evaluator_type = "coco_panoptic_seg":
evaluator list.append(COCOPanopticEvaluator(dataset name, output folder))
- evaluator_type == "cityscapes_instance":
return CityscapesInstanceEvaluator(dataset_name)
" evaluator_type == "cityscapes_sem seg":

return CityscapesSemSegEvaluator(dataset _name)

elif evaluator_type == "pascal voc"




return PascalVOCDetectionEvaluator(dataset name)
elif evaluator_ type == "lvis":

return LVISEvaluator(dataset name, output dir=output folder)
if len(evaluator_list) = 0:

raise NotImplementedError(

"no Evaluator for the dataset {} with the type {}".format(dataset name, evaluator type)

)
elif len(evaluator list) = 1:

return evaluator list[0]
return DatasetEvaluators(evaluator list)

Trainer(DefaultTrainer):

We use the "DefaultTrainer" which contains pre-defined default logic for
standard training workflow. They may not work for you, especially if you
are working on a new research project. In that case you can write your
own training loop. You can use "tools/plain train net.py" as an example.
@classmethod

build evaluator(cls, cfg, dataset name, output folder=]

return build evaluator(cfg, dataset name, output folder)
@classmethod

test with TTA(cls, cfg, model):

logger = logging.getLogger("detectron2.trainer")

logger.info("Running inference with test-time augmentation ...")
model = GeneralizedRCNNWithTTA(cfg, model)
evaluators = [

cls.build evaluator(

cfg, name, output_folder=os.path.join(cfg.OUTPUT _DIR, "inference TTA")

)
for name in cfg.DATASETS.TEST

res = cls.test(cfg, model, evaluators)
res = OrderedDict({k + " TTA": v for k, v in res.items()})

return res

selected_model_config yaml = "COCO-InstanceSegmentation/mask rcnn R 50 FPN 3x.yaml"




g = get_cfg()

fg.merge from file(model zoo.get config file(selected model config yaml))

fg .MODEL.WEIGHTS = model zoo.get checkpoint url(selected model config yaml)
fo . DATASETS.TRAIN = (dataset name+" train",)

fg . DATASETS.TEST = (dataset name+" val",)

g . DATALOADER . NUM_WORKERS = 2

fg . DATALOADER . SAMPLER TRAIN = "TrainingSampler"

fg. SOLVER. STEPS = (2500, 4000)

fg. SOLVER . CHECKPOINT _PERIOD = cfg.SOLVER.MAX ITER+1

fg. TEST.EVAL PERIOD

cfg.SOLVER.BASE IR =
cfg.SOLVER.GAMMA = 0.
cfg.WEIGHT _DECAY = 0.
cfg.SOLVER.LR_POLICY = 'steps_with_decay'

cfg.SOLVER.WARMUP ITERS = 100

cfg.SOLVER. IMS_PER _BATCH = 1

cfg.SOLVER.MAX_ITER = 300

cfg.MODEL.ROI_HEADS.BATCH_SIZE PER_IMAGE = 1024
cfg.MODEL.ROI_HEADS.NUM_CLASSES = len(classes)
MetadataCatalog.get(dataset_name+" train").evaluator_type = "coco"
MetadataCatalog.get(dataset_name+" train").thing classes = classes
MetadataCatalog.get(dataset_name+" val").evaluator_type = "coco"
MetadataCatalog.get(dataset_name+" val").thing classes = classes
os.makedirs(cfg.OUTPUT DIR, exist_ok= )

trainer = Trainer(cfg)

trainer.resume or load(resume=|

trainer.train()

%load ext tensorboard

%tensorboard --logdir output

weightsfolder = '/content/output/

os.listdir(weightsfolder)

cfg = get _cfg()

cfg.merge from file( model zoo.get config file(selected model config yaml) )
cfg.MODEL.ROI_HEADS.NUM_CLASSES = len(classes)

cfg.MODEL.WEIGHTS = os.path.join(weightsfolder, "model final.pth")




cfg.MODEL.ROI_HEADS.SCORE_THRESH TEST = 0.8
cfg.MODEL.ROI_HEADS .NMS_THRESH_TEST = 0.3

cfg.DATASETS.TEST = ("R2P val",)

model = build model(cfg)

checkpointer = DetectionCheckpointer(model)
checkpointer. load(cfg.MODEL.WEIG]

predictor = Defaul tPredictor(cfg)

MetadataCatalog.get(dataset name+" val").thing classes = classes
MetadataCatalog.get(dataset name+" val").thing colors =
,(0,255,0),(0,0,255),(255,0,255), (156,22
num disp = 2
fig, axs = plt.subplots(num disp, 2, figsize=(20,10) )
imcount = 0
for d in random.sample(dataset_dicts_val, num disp):
img = cv2.imread(d["file_name"])
outputs = predictor(img)
axs[imcount,0].imshow( img[:, :, ::-1] )
visualizer = Visualizer(img[:, :, ::-1], MetadataCatalog.get(dataset name+" val"), scale=0.95,
instance mode=ColorMode .SEGMENTATION )
vis = visualizer.draw instance predictions(outputs["instances"].to("cpu"))
axs[imcount,1].imshow( vis.get image() )
imcount = imcount + I
evaluator = COCOEvaluator("R2P_val", ("bbox", '
val loader = build detection test loader(cfg, "R2P val")

eval_results = inference_on_dataset(trainer.model, val_loader, evaluator)
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Ipython -m pip install pyyaml==5.1

import sys, os, distutils.core
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lgit clone 'https://github.com/facebookresearch/detectron?’
dist = distutils.core.run_setup("./detectron2/setup.py")
Ipython -m pip install {' '.join([f"'{x}"'" for x in dist.install requires])}

sys.path.insert(0, os.path.abspath('./detectron2'))

import torch, detectron2

!nvee --version

TORCH_VERSION = ".".join(torch.__version__.split(".")[:2])
CUDA_VERSION = torch. version .split("+")[-1]
print("torch: ", TORCH_VERSION, "; cuda: ", CUDA_VERSION)
print("detectron2:", detectron2. version )

print("torch cuda is available:",torch.cuda.is available())

import detectron2
from detectron2.utils.logger import setup logger

setup logger()

import numpy as np

import os, json, cv2, random

from google.colab.patches import cv2 imshow
import matplotlib.pyplot as plt

import urllib.request

from detectron?2 import model zoo

from detectron2.engine import DefaultTrainer, Defaul tPredictor

from detectron2.config import get cfg

from detectron2.utils.visualizer import Visualizer, ColorMode, GenericMask
from detectron2.data import MetadataCatalog, DatasetCatalog, build detection_test_ loader
from detectron2.data.datasets import register coco_instances

from demo.predictor import VisualizationDemo

from detectron2.evaluation import COCOEvaluator, inference on_dataset

from detectron2.modeling import build_model

from detectron2.checkpoint import DetectionCheckpointer

from detectron2.engine.hooks import HookBase

import detectron2.utils.comm as comm

data url = "https://figshare.com/ndownloader/files/414547567private 1ink=b363f8788965fbf541fd"

target_file = "R2P data.tar.gz"




urllib.request.urlretrieve(data url, target file)

I'tar xvf R2P data.tar.gz

dataset_path = "/content/"

dataset_name = "R2P"

classes 1 = ["fruit']

classes 2 = ['redfruit','greenfruit']

register_coco_instances(dataset name+" val lclass", {}, dataset path+"anns/val Iclass.JSON",\
dataset _path+"RGB")

val lclass_metadata = MetadataCatalog.get(dataset _name+" val lclass")

dataset_dicts_val_lclass = DatasetCatalog.get(dataset_name+" val Iclass")

register _coco_instances(dataset name+" val 2class", {}, dataset path+"anns/val 2class.JSON",
dataset path+"RGB")

val _2class_metadata = MetadataCatalog.get(dataset_name+" val 2class")

dataset_dicts_val 2class = DatasetCatalog.get(dataset_name+" val 2class")

selected model config yaml = "COCO-InstanceSegmentation/mask rcnn R 50 FPN 3x.yaml"

cfgl = get cfg()

cfgl .merge from file( model zoo.get config file(selected model config yaml) )

cfgl .MODEL.ROI HEADS.NUM CLASSES = len(classes 1)

cfgl .MODEL.WEIGHTS = "/content/pretrained models/R2P lclass RSOFPN3x.pth"
cfgl .DATASETS.TEST = ("R2P_val",)

modell = build model(cfgl)

checkpointerl = DetectionCheckpointer(modell)
checkpointerl.load(cfgl.MODEL.WEIGHTS)

predictorl = Defaul tPredictor(cfgl)

cfg2 = get cfg()

cfg2.merge from file( model zoo.get config file(selected model config yaml) )
cfg2 .MODEL.ROI_HEADS.NUM_CLASSES = len(classes_2)

cfg2 .MODEL .WEIGHTS = "/content/pretrained models/R2P 2class R50FPN3x.pth"
cfg2 .DATASETS.TEST = ("R2P_val",)

model2 = build model(cfg2)

checkpointer2 = DetectionCheckpointer(model2)
checkpointer2.load(cfg2.MODEL.WEIGHTS)

predictor2 = Defaul tPredictor(cfg2)
MetadataCatalog.get(dataset _name+" val lclass").thing classes = classes_l
MetadataCatalog.get(dataset_name+" val lclass").thing _colors =

[(0,0,255),(0,255,0),(255,0,0),(255,0,255),(156,225,242)]




MetadataCatalog.get(dataset name+" val 2class").thing classes = classes 2
MetadataCatalog.get(dataset name+" val 2class").thing colors =
[(255
num _disp = 2
fig, axs = plt.subplots(num disp, 3, figsize=(30,10) )
imcount = 0
for d in random.sample(dataset dicts val lclass, num disp):
img = cv2.imread(d["file name"])
outputsl = predictorl(img)
outputs2 = predictor2(img)
axs[imcount,0].imshow( img[:, :, ::-1] )
visualizerl = Visualizer(img[:, :, ::-1], MetadataCatalog.get(dataset name+" val Iclass"),
scale=0.5, instance_mode=ColorMode.SEGMENTATION )
visl = visualizerl.draw instance predictions(outputsl["instances"].to("cpu"))
axs[imcount,1].imshow( visl.get image() )
visualizer2 = Visualizer(img[:, :, ::-1], MetadataCatalog.get(dataset name+" val 2class"),

scale=0.5, instance_mode=ColorMode.SEGMENTATION )

vis2 = visualizer2.draw instance predictions(outputs2["instances"].to("cpu"))

axs[imcount,2].1imshow( vis2.get image() )

imcount = imcount + 1
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