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Abstract

I n the recent years, theedpmpniaamgoéeadabDe e
progress, as a trend towards t hbes eaurtvee do.f L
gr enmautmboefr a p p lisii angptl ieonresnt ed on | magecemadadegs
the task of instance segmdunéatoobrbaktihga
the | atest studies.

A very | mpaotrhiagn ta dcornuaciinarha np alritf eofand ei |
every day newst edfenodoomgaiienfhef adopit ¢ oint wr
techndalacgimasile possible the collection of

to train the compl Amoagchhewed afumarermd tod ,a DiLn
cr otplsat ar earcauldanes acdfedt he most common dat
abildeyetb and extract i n fso th maitungabgne sf oirs tc
paramount i mportahaegqgbebctredgpasad g rtiyt watnydu rqaul

From t haegrmacnuyl t hme atuktaaseati on of mushr
be a very tgchhanti craelquprroecse stshe use of all
i nformation duriimgadlkhieevweée gheotwttehr yi el d an
mus hrsommnat ure presedmtr amdeinntierye sntgi mg w ass
t he 4wl ¢ mamtde t he di fficulty of finding mus
backgrounds.

|l thi s thves s ®wadmt awseates col | ected amar manu
the task of I nOredartaes s tRylnmeuwrt catd e ssc itmussthe roso,n
cultivated in a conheobbadédiemive mreomtme mu s h
species i n nat tugdhafhaenviirnosntnaennctes swgme nt at
finet uthnedt echdon these datasets in order t
their performance and how the different
resuWAlrtid.hmetigi ngnd esmbhtandreompparviiderd bet
model s i s presented.

The concliuss iwaomsk tofatt ht he datasetds cha
of avaiflablter @iamiang exert a great role in
mor e lceoxmpmodel s that can extract better
efficient way tbobompghentheicandi &Ekreme go
smal | number of available dat a.
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1 Introduction

Il n the recent years, a trend tdowar dhs t
ofmachi ne MLearirsi Megi(hg observed. DL is con:
| arger model s than the traditional ML . T
greamemnmnts of data for tthreaitnreadi nOLn gmo dHa w
cases will outperf ¢idMamytapplitca@aniadnslLomo
been observed in various domains, with o
agricwheme et asks of yield prediction, cro
detection amwbeigngotdiddpAlsoraehde same ti me, t
advancefmetnhe recent years introduced the
enablingitvlee adéaktedni on |

The combination of better achievabl e r

coll ect | arge amounts of dat a, hasi nl ed t
generalspboatfadmtof g9l I ed enve(CeE®inenAsabothb
natur al environment and crop production
regarding backgr oaundd ,| uenli mmdntonn @EMONEGNtot h
proper and robust detcecpsiaont amedsd oemaVi zc
becomes apparent. This need can be ful fi
| earn compl ex pattergres amd hfdesdtitenrtggaest eidn ct
chall enging conditions. The accurate | oc:
a series of applications, for example spe
estimati on. Moreoweder ,deitemcCEANn the HOet aink
moni toring and automated robotic harvest.:

The first steps in the detection and |
met hods wideédi qdduenhnf eat ures extraekovousal ba
char ac 45618t iTchse extracted features were
model s for ¢504 hah &r tSVIMe w ir a l Neltlwo Tk e s e
I mpl ementations produced @oaldy zocsadnwlbotts bfeo
genleirmed in different il lumination setti
engineered features. An advantage of DL
extraction from raw datfl]. ddme si fieanhumet
advant agteo rDels unhadsel s outperforming their
applications offl]. i nReegseeaprchee ssisngarted to




I mpl ementing DL architectures to i mage pt
I n areas seucehctaonf rdAnddf@ 4B ANA 8 ngMany of t h
studies are using the two very pbépatar o
R-CNN1Pandou Only Look[2Dncwehi(chOLd®mi nat ed
detection domain and are thlsbtsgitshi ®r day

However, after the bMaakCMNDLgha pbubl i
architecture that exp&agd e-€NNMRe oo bajne citn sd e
segmentation architectur-NNmamg ctsutdommsv a
of It to instance segnaesntvaelilpling sheactkA & N0 Mk
Il nstance segmenfaul on detebitieat ursest he mc
il nstance segmentation in agriculture, as
fruits f or [2eRx,a mptl r¢2 Babpeprmelg oa npe[@F aa mon g
ot her s.

Yu eR2Balbsefl va+#«iNNI aoMaskdRstrawberrtr
them to two c¢classes (ripe, unri pe) . The
utilized for position esti mat itoinonoff rtohne
harvesti ngBarorbeorta p ePteaelzf i -ENNNMaskoRedatret a
|l i ghter architecture for strawberry det ec
vs. vanilla 5 fps) for potenti al use i n |
a faster ar-BartecdiueemplPemgamedr ahctuegctur
on UNet fully convolutional network combi
outperforming his previous work, meeting
for-trnenel harvesting systems.

GenAMo | a e?2 8 aad me[n constructing pr e
calizati o-€@NNuaropgi MaskuRe for the 2D in
rufctaenme i on (Sf M) photogrammetry. Despit
gmentation part, theembdl e@nttimpreé oreonbroa ta
vesting as it presented high processi
velogiamereabotic harvest i2rpg i anpp leimeatt iea
stomssaggl enstance segmbasatdi om &ahehiyO
mi |l vy, wi t h a | ighter backbone net wor k
Experimenting with the offline task ¢
growth stagabk,prfomponsed alcudtog ancéxtecod
ver si on -©ONN MarsikangRt yScOXNNngi Rleta bldckbone,

- 0O O T 0 v
»H < ® 9 ® — O
-
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out perfor mod haet hemodé h 3D Sphrednp aeste eaM .b afc k b

net wor k, i ntroduci ng an etatmgpntiingn cmecviod ru
order t o | mprove theCNmNeronrmaolelee nosf iMats
I Il uminati on, occlusion conditions and t

dat aset .

Regardl ess of the examined crop/ fruit
harvesting was taken into consider&lt i on i
proposed the combined use of -CRGB momde | H$V
| mpovieodc al ozaoi @amges on trees, RBr utobotzi o
Ma s kC NR\, proposed a custom il nglad menmattaa toino
greenhouse, t akdmlgmrd nt beashapat of hehe t al
akbi eved wer e comp-ai badr twiarhc hoittheecrt usrteast,e ou
Moving away f€CoNMN,t Caed,ekcrBdat d a custor
architect GGl 6b anseetdvp@ h yasnygntihtetarc dat ase:
pepper i magexb Santbtoxbuetpdaldad atseitni ng i n
grape clusters for instance segmentation
the YOLO f ami-CNN,antdo Maxa&miRne t he perfor msa
with MaNNK pResenting superior results com
tend owni ssiystem for mango picking 2pbot W
I ntegrati-@NamdMasek IRnside a framework of
|l ocating picking points for the harvesti:
various nd laamd nadadmmml ex | mage 3fa dkegred wmpded.

custom I mpl ement-GNN oas utshengb dMaaeslki Re model
made on a dataset of mul tiple fruits, Wi
compared to ddgmentianstosmncmodel s. Extendi
architecturaddb, Jdaeveltopaldd. FpveaMask, an
architecture in which the dependency on ¢
CNN family, S el i mecahtaed seand santatteptdil
trained on a dataset comprised of I mmat u

better results compared with 11 different

One of the most signidicsaadedchhmmtenr m
as disease outbreaks can diminish the yi
environment . Detecting disaasasktbfoupa@gha
| mportance i n t er ms of rapi d reacti on
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segmentation architectures not only can
di sease and extract geometri@zmte imadok maei
created. BVzasked&E&MdNak oR[det ect di sease on
classify t he detected areas i nto 7 di s
techniques are explored and a neewntceuwst or
Tassi 3SBetdealel ofpadt aft Bmewo-CKKNwas ht Maski R:
responsi ble for identifying and segmentii
di sease areas and classified them bftaecre
dataset for disease detectioBPoapplapd MhA
RCNN &pdur si velGNNR&af ¢ mietdeeRt fuanmi |iyaC N ) Ma s
with good results, to prove the validity

Despite the many recent studi es I nco
fruit/ crop detection i n robotic harvesti:
bestuofknowledge | ittle to no such work h
gap is identified, i n appl ying ibnosttha nicne
natur al environment and in production far

Mushrooms are an i mpodueantto ptahreti ro fn uoturri
I ci nal properties, an df rpioecnedotiphi .4 | T haesy a
be found in tHMedPnabtuutr adl seon,vi ¢ wintmewnd t
mushroom3faBmsRedgarding méet nadiuraér emtvin
Sspecies can be found in areas whedé®.speci

me d
n
S
e
Mushroom detection and | ocalization in a
S
S
t
n
y4

ca

task that can help scieatkstecl asnnsgi cynaed
hroom species, as wel |l as Mgl p Howeivear,

ection i n natur al environments 1 nvol ve

mu
de
conditions, compl extpbaokgcbandesr i wi che s

Ssize due to different species.

On the other hand, the nutritional vV a
demand for bi g amounts for consumpti on.
mushrooms has | B€rodads esdi nntcoer el 9t7h8a,n whi ¢c h |
il ncrease in per capita coABumpPomenodt tae
wi despread mushrooms are sever al speci e
particul ar i nNterest cbecatse t oheciar. p3r0o%l u
corresponding to the fastest growing and



https://doi.org/10.1007/978-3-030-89128-2_46

mar keft. [The producti on Il nvol ves four ma

l nocul ati on, i néd®hatihan aeddbnghbgngev]| r
parameters, mainly temperature, humidity

[51. These factors exert a great effect o
bet ween environment al par amgét ens | acdedhe
of great Il mportance. Unl i ke the fruiting
mushrooms grow in clusters, which make t|
based on cap size and stipeepengtdhhet i sa
the mushroom clusters and the individual

For both aforemeasednetdhenusshirotoennce of
I's necessary to achieve the required de
Il mages in natur al environment®,thatc!| adnn
great vari ety of musheoaxomsepeodi ersu sihmagans
dedi cated farms, the special conditions,
It a very technical pr oce€BATahnds rceopnrt er sod
environment is protegned aanldy arld pwlsataed pa
cul tur al variables to produce yield in &
advanced technol ogy. The use of sensors
structure to properlyemoniteoncthencr ophimi
parameter s, manage <cultivation factors &
di fferent types of sensors and | oT i mplen
ERSRE i ncluding camerlas flhirsi mage daaxtqai i
creating | arge data banks that contain er
from inside the cultivation installati ons:s

This thesis wild.l explore the |1 mpl emeni
DLar c huirteesctth t hdee taeicmt ionfg mu sohnr otowrn | dhastt aasnecte
di fferent characteri @t iuss.f uT hedxitirrsdati@Eenagg |
grained jifndroremaada mmplne t he number of aindi vi
clusthsergape and t he Tshiizse iannioonrgmaoctti hoenr sccan b

applications, exploring yi el d predicti ol
correlation on t he environmental , verri abl
| ociadngus hrsmomat ur al environments and cl as

The rest of the thesis 2 s tster uomou rdeadt ac
presented and informationtihe @inwnwe.n aftlea ar d(

10



DL ar chi t eatswerde sarteh adte sarrd Ibre d4, h ahphteechraps af t
presented and di scus5edc oanncdl ufsii manlsl ya n di ns
future work are made.
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2 Datasets

2.1 Pilze dataset
The first dataset i s cclounsptreirsse d( Polfe uoryostt

(Jacg. Ex Fr.) P. Kumm). It was created u
mushroom farm in-Nagge LR20O22Z Batdapedsize Hun
unharvested mushroom clusteensnt wangl ear ast

dual 12MP camera system of an i Phone 12
4032x3024 pixels. Field photography mail
artificial l ighting conditions,ckapteri n4
total of 200 RGB images including differ ¢
raw oyster mushrooms in clusters were Caé
Il mages of the clusters from al bwsi dsswel!'l
as three images from the horizontal, bott

Figurel Mushroom farm (a) with artificial lightinglhree sample mushroom cluster
images from the collected dataset at different angles: foprbgttom €), top @)
views obtained from a real production environment.

12



Mor eover, I n the dataset exi st cluste
mushr ooms, ranging from numbers small er t
2, t wo c liufsfteerresntwinumbder of mushroom i nst

(a) (b)
Figure 2 Mushroom cluster with small (a) and large (b) number of mushroom
instances.
As it can be observed from both- Figur
occluded. The fvissand emu srharcaa noesn, piossi ngl at i
chall enge for the instance segmentation t

Figure 3 Mushroom cluster for top view before and after annotation.

The coll ected raw oyster mushroom dat a
be usend anod tervagil uate deep neur al net wor k
the regions of oyster mushroom clusters |
an espoeunr ce | mage and GMAdGCoompauntneort aviiso no nt OCAa
Top!l creating t he l abel s va¢ qguane dn ¢ &t i nn

13
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Specifically, the mushrooms in the | mag:¢
boundaries of htrloe misn @irwiscewmadal is@asdchThimag
process resulted-diefriaedolimbe&si drorofeagéen
considered as an instance of interest for

MUSHROOM 409 (MANUAL)

A ]

Figure4 Mushroom cluster for bottom view before and agtenotation. On the right
image the poirgtused to define the borders of a mushroom instance are visible.

The annotated dataset was exported and
was divided into three subsetect&® %f of t
10% of t he data for validation and 15% of

2.2 GoogleVé6 dataset

Open I mages is a dataset ofl eveM I mdbegé
object bounding boxes, orbgleaxtti sregghmems,atdn
narr aiR Qeesr dI | , t her e ar e 19, 9%& eti $dtaibred
However, this number is sligkheryfhedgheénhb

Trainabl e <c¢cl asses are thoswserwftbatitond = ais
-~ 4 — 5 . —

R

¥ aany 7
F‘.ﬁg-‘f/

Figure 5 Original mushroom annotation f
segmentation task.

14



training set. Based on this definition,

machgereer ated | abels cov@desbDsD34hef ct hsesce
was extracted from the dat 3ddet anfodit &thhee n:
mushroom dat aset was not extensive or I n

model s (Figure 5) and n haef ntelead datosxeetl ofrr

The class Aimushroomo contained many di

to the other dataset that is used in thi
the dataset contained i nhargoeosmsf.r oTnh easret iifm a
filtered out of the dataset as the purpo
| ocali zation of mushroom instances in na

i mages from different musbhebom species cc

Figure 6 Example mushroom images from V6 google dataset for instance
segmentation task.

From a tot al number of al most 1500 mus
filtefri agmubhcoamlso-mweweorl unhaigoens and mushr c

15



artificial environments. The V6 dat aset |

and steesstt After the elimination of the af
39 (~3%) and 1waluege® %) es magteisvel y for tr
set. The eliminated i mages where proporti
t healf ipnercent ahe ofesoadauh i ot of t he [ mages

The different mushroom species cont ai

variance of number, shape and colors in t
I nstancampl eor fe mWhgure 06 her mushroom sp
clusters where the instances cannot be di
6.c , | eading to the characterization of t
Regar dimagpet hef st he mushr ooms,b iatredi showw si
di fferent can be the instance of a mushr
can be a difficult task, even for a DL a
compl ekhetynsehance segmentation task is t}
cases, for exaamplhee ibmcKiggwruend6 i s very di

as the diof opesemtre This i & ,nomhetrlree thaes e ofl
backglr@aure very similar with the ones of

Figure 7 Mushroom images before and after annotation. On the right images the points
used to define the borders of a mushroom instance are visible.

16



The annotation of this flashseh wastben
dat aset, using thhke omdskeofCVABRchoommiushr o
manually and car edanddwymidred i mrealc e chu rae .t ilme
of annnoatgaetse df riom t he V6 dataset are prese

17



3 Instance segmentation architectures

For the instance segmentation task on
opsmurce object detection tool box based
utilizedartltofi 4 ha OpMMIMMLeacbt iporno jceocntt.ai n s

many popul aod hand atafiier ecdhjrecst detecti
segmentati on and .p awoorpetoivce rs, e gtnmeen ttaotoil obno x
more tha-hr i0fweodo ket making the tool box a

avail able dataset iIis not big.e®oeglftohtr
i mportant advantages of MMDetection is t
typical objecda dedmentimtn/iomst aamewor ks a
selecting and combining them, bwstldimspli p¢
building a new detector framework on top
performance i s esastioloyl bpooxsossi tbleen cvhintahr kti mig

For this thesis, Si X I nstance segment
and tested on the two afTohree meondteilosn ewde rimeu spt
on COCO dataset, with omiltyedthwer & i mail n g afr|
the training set of the datasewerdeoifde tr
i ndependently from each other, with the &
perform on artificial ahdoommat delthkec tesinaxn .r
architectures wil/ be di s cuscsheadp tienr sf.u rTthhee
one |I s-CMdskoR which other four are based

RCNN based architectures are extensions ¢

Aldthe examined architectures have as
component or el se named backboned net wo
extracting features from the Uswualilayl, itnhpi
compr i sperler af nad CNN modpepbd&muchiae Res Neoff
archi ttewd udigpfstee maémed backbones were exami
| ayers or was based on a simpler model a
more compigexi mgdelhe name #@Alighto and Ahe
moddhese architectures were selected amc
t ool box, based on their accuracy on the
respect to theealkdiemanystcaul dabewadt by
only architecture that was not examined \
[ 5,77djue t o hardwlhore 1 heni pattidedmeae MDee &@CYOR:
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archiueetdwurtegor i z0eAdhodqedihti dhéafeventi atin
bet ween the Alight oamodnfihefhvGBUMBABI me me

models required to run, with the #Alighto
ones.
Finally, the computer hardware config

model training in thi sAMDpRerzieme nithriesa das pf
18ore Processor 3.40 GHz,; GP U: NVI DI A Ge
RAM: 64 GB; SSD: 512¢G. The net wor k mo d
Profess-bohalopé#dating s ycshteeprt.er Shewi héxtpr
archurescs used and highlight differences

3.1 Mask RCNN

MaskCNN i s considered as a breakthrot
segmentati on, expanding the &€MWNNex3] ,dewietch
t he i ncl usyi ocnonovfolaitfiwlnal net work (FCN) f
mo d e | i's part o f-s tt ehgee f daenti d oyt iodfn tnmoed etlwso, |
comprised from a model tasked with the e
while theisedcthrdcdtaspi fi cation and the d
Il nside each ROI . Over aaCNN ¢tae becHiveded
part s, I f the feature extractor part S
considertdshanagpatl), oas 8t can be seen in

Feature extractor Stage 1: Region Extraction Stage 2: Instance Segmentation

Box head

ResNet FPN

Region Proposal
Network

Slass. Prediction
—— Outputs
Box Predictior 1. Class
2. Bounding Box
3. Instance Mask
Mask head
ROI Align
hhask Prediction

Figure8 Mask RCNN architecture, divided into distinparts.

C
Input image r
P g | ) *_’{

The first part of the network, namely
for the input i mage, with convolutional
FCN architecCNNecate, MabB& BRackbone 6i]s con
Feamarte Pyramid [Ne&dvrowokwki IFEMN)i s visuReés Metd
architecture S can effectively solve t
architectures with many | aylearyse r smankeitngo rpk
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exampl e ResNet 50, ResNet 10dp .aMohieoeetr ur &
detecltesvélowfeatures (i-hevbe feansturkayéra)
With the introduction of the FPNpdaoavwne baoc

architecture, domwnidndhe @ @diaftfue ctss o anll ga fneud ttu
fusion.

The output of the backbone i s a featur
the networ k, namely the Regiod ®rophosahdl
objects inside the i mage, t hrough the f
predefined size and scale, named anchors.
map and at each | ocation try thg edcdciode nw
after comparing it with the ground truth
anchor s, with two additional values, the

the coordinates of the boundindhebdx ghts
confidence of containing an object are s
cost of processing all the anchor s.

predict

;7
F A
/ /
.
Figure 9 FPN architecture [58], divided
architecture i s uaalb ayc kRbeosnNeenp Eoer mesn kaan (d uasr n
the right partDaperndiend PdNn atdlde tapml.i cat i
Apredicto stages can be wutilized as fea
architecture.
The third and d$deacabf pahet Regicompof I r

component and the object detection/ mask g
for extracting the features of the featu

contained in the pNompwmnged ranagifomsi agdt he
arrays for standar-di zed proagssiamg. thleea
branches producing on one end, the final
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(box head branch) anldwiee maeskotliernr hend et
(mask branch).

Il n thhe sitswvwo di fferent backbones have be
di fferent feature extractorsbebdongfhgct n:
aforement i onidd gthalted gzgaarsy cofmpri sed from a
50 | ayers combined with annFiPhNeeacvayhOelge r ty h e
was compri sed H®Bf net wRoerskNeoXft 101 | ayers wi
bottl en)@omknbwindcktdh wi trmo denl sF PuNs.e dT hveer e pr et r
dat aset and finetuning was done dmwot he
mushroom dat aset

3.2 Mask Scoring RCNN (MS RCNN)
Mask ScOXNM®ONRatensi on -CGNNt hecMaskcRuUT

maidn f f er ence bCeNNwveaennd MaasskE NRScbsi hgeRaddit
scoring branch that i's used to predict t
This branch can bdOviwsudal thesaamei ofF IM@$

The Maskadbhelst atdhaet el oU bet ween the pre
ground truth mask. The i1 nput of this com
Al i gn | apereedbaothentih meesnker at es ai sdobcatifog
gual ity dfhstslhe emask computed by multiplyi:

classification scor e. Thus, mask score i
Il nstance mas[k6(r:]m|rrmlaeltlecnve$sthe model to di
:B‘acrzkvbanen;et\;v'ork‘ : " RCNNHead
. ‘/ classl
: @ RolAllgn; ,(72);76 _»-- _[: ]
§ ; : oX

— = ' ‘ ‘ ‘
! 256 x256 xC
—_— X

i Concat <« MaxPoolmg

o ' | { e

Input Image ___ MaskloU Head ,

Flgure 10 Mask Scorlng-R:NN archltecture d|V|ded into distinct parts [60].

gualityqualdi tlyo wnask s, andgutad i 6 gyl hreatkt&esrp f t
training
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Two different backbonesarhahviet ebtdhernr €a x &
backbone, consideisedinfrgmt @, RweadNetomggern
combined with an FPN, while the second
comprised of a ResNeXt [ 5064 8detovar &i noal
bottleneck width) combined with an FPN. °
dataset and finetthime em ghaevads dofnet lhen darhehi t
Figure 8

3.3 Cascade Mask{&NN
Cascade -CMaNs&kil BR a-o4 haartte obj ect detectio

segmentation algorithm -CNAdAt armprobobeesuupo
l dea behind -Cdslcadet MadkeBRk down the obj
segmentation task intochmudittdipfifeerse migelsqg U o
Thet aggres trained sequentstadadgseg t rwadiomg gthlee |

nexftr.aining with small |1 oU threshold resul
thresholds degradesetbhfe o@eef fegrunaainctgy &reedga
proposal s at i nference compared to train
l oU thresholds might be subopti mal when ¢

proposals of differengi Meernv.el Thod U sodd afh rdeisd
for the training odseprlodl emdelandam mpobbve
performance

I n Filgunédhe difference betwe€mMNNt mendar c
Cascade-CMN&s k sRBs*hmmoevnt hien gb ocbuonxd $tagreds h@r snas
pr ediCe¢atroer ,c| hisssitfhheeridh*aut nmager k heads.

;... §

(a) (b)
Figure11l Comparison between Mask®NN (a) and Cascade Mask@NN (b) [61]

The Cascaf€&d NMaskcBmprised of three sp
trained with an increasing | oU, the sel e
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for eachThegpreessksioat.ed bounding boxes were
I n ptihpeel i ne in order to provide a stronge
boxes with the stricheruseUof |l theapr saniof
bounding box geher gubhiyi tsyhpogigegchiep cmmsealt. Tl
I mpr ewneée mbd ettbhnec | us inem dtadda tht dha eersundoeddd f or t r al
to achieveEbehtehougbButésults are produce
outputs ofsebarbdedtaenehe final resul t.

Two differente beekbexasni had for this
backbone, considered fAlighto, was compr i
combined with an FPN, while the second
comprised of a ResNeXt wWibt9h] 6ndextdwdo r k c aorfd
bottleneck width) combined with an FPN. °
dat aset and finetunire@cWwasfddrme drhrtekre rk
specificaH*wnar ttkheeo falrrcehea t ect ur e 9tbhat are v

3.4 Hybrid Task Cascade (HTC)
Hybrid Task [CaBfsaamaft dladidteCep | ear ni ng ar

for object detection and inst@aseadeghkaaslk
R-CNMTr chi & .dctounssel ad enmieeltdaige obj ect detector
architecture t o Il mprove ddédteecgdarofnor an@aad c e

segmentation tasks.

I n Fi2gutbkbeldi fference between -€CNHE arch
and HTC Bsrshavwre. boundiMrgr eokxheema®ksprs
I's the semaRits etxtber ac¢cledahg@gat uom t he back.tl

TEYY DY

(a

Figure 2 Comparison betwee@ascade Mask NN (a) andHybrid Task Cascade
(b) [62]
The authors of HTC identified and trie
Mas kCNRN. Thoearfti wosfd atthbee o a r chhaist etcot udoce wi t h
heads. The neWwadimpé @ meshbeatnvdedten onrms k br anc
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t headaspart. This strengthens the flow of

al | the stagasprbgadsBsgve refinement of

the masks on progressRegaydregi nadotmbehkdh
udate waasch hmask prediction is done util
predicted from the previous stage. This i

results than executing the bounding box &

The sectoedwle diantroduction of a -new br
wi se semantic segmentation for the whole

and is jointly trained with the other b
segmentation timéobmandbngwbok and mask f
predictions, as it is easier to distingu
even i f the background is more cluttered

Even though HTC is he&\WNiNehetmane Casmp
I mpl ementation has |l ed to better results
Dat aset .

Two different backbones have been exa
backbone, considered #Alighto, walsayermypr i
combined with an FPN, while the second
comprised of a ResNeXt [ 59] net wor k of
bottl eneck width) combined with an FPN. ~
dat as entetaumd nfgi wabso udnodnien go nb otxh,e mask and se
of each of the three regWess$ bBsa mdMBielee s p
compooént e architecturleb.t hat are visibl:e

3.5 DetectoRS
Det ec[tOBRFS a-04 haartte obj ect detacmsomnatl ¢

I mpr ovement of the backbone oThd netiagicmeas
I mpl ement ation was | ncorspiognaitfeidc ainnt | ayn i Hnilp
res.ul ts

The | mpr oowfe nmtema sbackbone come i nto two
them. The firsd evre ,i prompotsheagmacmReacur si v
net wor k. This network builds on the afor
connecti onsr sf roofm ttthee H RuNpetboa ctkhbeo nbeo tltaoyne r s
ResNet or similar i mplementation), as it
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Predict
Predict

D Predict

@ Fusion

(c¢) Unrolling RFP to an example 2-step sequential implementation.

Figure BB Recursive Feature Pyramid (RABJ]

Il n Fi3guté@eloritgwmrak iFP Ns mewn, with cor
t he bwpgtpanr t -doownt hpearttapoBiyheathikiomogp posi t e
(Fi guldbe tlhe whole architecture becomes re
Fi gu3ce lleading to thet atrhcehiitmadeas et Wioo& i
approach recursively enhances the origine
representations.

The second update-lewael doas oheMawe mioc 1S
specifically, elhaheB3xBncomeoRes Nenabackbc
Switchable Atrous Convolcwtnitolod cGACat Il @y e

ker nel used by adding zeros between the |
oview. Wi th thi soft etchhenisaume aml asbyg elcut wi t
detected more easily, using the same con

the existing gprdecameli @t 8ACI on i s presentec

0
0
s >
0 : )
-
0 v o
0 ) Select IH
0 0 : (
0 p ,
0% 0 é‘@\' l$ (O
0 0

Figure 14 Switchable Atrous Convolution (SAC)éayogic [63]
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Il n Figurecddyoltihtei aoredker nel I's the de
kernel, while the green convolution kerne
values. As it can be seen, withdehectdeta
roughly with effici edrmey swediercd i,tomeoms a moa n k
which convolution i1 esuletpewidleintbenf oéhwan a

| ocation examined, | eadiend r tsaodraeplal ef tfweor deenl t
scales as needed.

For this archkiotnddtgwrmrea,t i oml ywasne xpl o
HTC with ResNet50 as its backbone. As de
updated with theA RFPvaded SAGpP|I ement ati or
tool box of a backboned comprised from an
available hardware capaciThesfiamadadl cpat ds
architecture that were fi netclhmed ear  .t4h &
HTC architecture and not the updated part

3.6 Evaluation

Performance metr P)c,s rdRuccaddribhcsbyper ecusednt
guantitatively evaluate the detection pe
i nto four typrdps,: ftarluseE Bppoosdiirttiionveh d@adi val 6
negafFNve wiileset he number oftegbéedfOdiosushbCoD
the number of oyster musTObioomsheenemherd

oyster mushrooms missdéd amd Rheambdludé¢feirne
foll ows:

01 Q0 "Qi = N
vt ~E fon (1)

. "YU
YQooooe\—(ai -
v "Ov (2)
To illustrate how these performance m
|l ntersection over Uni on (1 oU) I's defined

ranges from 0.0 to 1.0 andnéodl bPyOr &g avi d
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good prlemdiaddiotnion, the confidence score
the box contains a single mushroom.

With the selection of a specific thres:c
each predictdemedvidad dDeTrcwemsPositive (TP
val ues are greater than the respective th
wi || be considered as a False Positive (F
than tHeast.hrTheh@greater the values of t hes:¢
prediction moadded .from t he

The standard COCO metrics were used t
mean average precision (mMAP) wadicalcawlea
only one mushroom class) over 10 I oU thre
size of O0.03g elpmescdhittsi odme ARI cul ati on ul
ARPs s a stricter metric and r=epir.e/sbent s t h

*Ybi BHDE QI | QDO Q¢ &

o¢ 51 @COYE QF & 3)

-----

[}
i
:
Intersection| !
area !
i
i
i
[}
i
i
i
]

—————

Fiscor e iass dtelfd nheadr moni ¢ meamsdfe agr eodi ¢
common arithmetnesunetaniis al ways a number
cl osearndtioccalt i ng better oveTld |f @remdiladasmasne

calculation:is the following
¢ Ui QOQIYTEED O
P T oo OIvEGG o 4)
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4 Results and Discussion

Il n ¢thaptersuthe of the experiments ma
preselnhteedRi | ze dataset will tkee exasnuintesl
architectamestihenactoaimeeat s wi | | be made.
test set wildl b e prgeosoedn taendd ibna do rddeetre cttao ohni

compar e

the results between the dAlighto

architecturneveebutdr & he o.ellhteu rascasme approach
followedt he V6 Google dataset. Findlly, (
the arcwiltlechatm&daeg I nto accoudttbabetche:a

4.1 Pilzedataset results
Almodel s were trained Iftors hao ulod able onfo tlée

10fepoch, the models showed | ittle or no
sel efcaaredt he fi nal t e sTthien gl eacafrf mtirmeg haeradfhai n et

wa s set

at 0.001 ahdaahkdtba OECEOlI DPawaset

Tablel Performance comparison between the architectures on Pilze dRiedet

indicates the best results coluwise.

Architecture | Bac kDb Preci RecdF1 s
ARBRo APRPs mAP
l i ghtf 0. 9 0.76€ 0.6 0.73 0.70
Ma s kC NRN
heavyl 0. 9 0.81t£ 0. 7 0. 7185 0. 72
| i ghtf 0. 8 0.70£ 0.6} 0.6717 O0.66
MS -GRN N
heavy|l 0. 8 0.74z2 0.6} 0.68 0.67
C a s cMadsek | i ghtf 0. 8 0.70z0.6] 0.64 O0.614
R-CNN heavy|l 0. 8 0.73z20.61 0.67 0.65
l i ghtf 0. 9 0. 772z 0.6 0. 73 0. 71
HT C
heavyl 0. 8 0.7940.6 0.73 0.71
| i ght 0. 9 0.81¢€ 0. 7] 0.773 0. 74
Det ecoH
heavy - - - - -
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The resul tshowf rtehgadid i Mg t he AP50 metri
achieve Dbetwheirl eriesshubletfsPéb aohhdemivpplimodel &
extracted fromeafloirgthtbehb@ehklooree | eni ent r
than the more comkbloAe wiervem ,a wheavystbhaact e

are placed, théembueesophi sthiec ateaddy mode
ones. The | ogical assumpt i olma owkolud nde sb ew otu
produce more informatiwvet heamatdelscadsas, wk

heavy poodelsi ng better .Téhspwletnso neansoatl ¢ A
with theawaaioduathdwehfi ch i n this ,dRatacmpaliss (
withe V6 Googl edRAhaseve(ahbpmetrics of n
produ-stopghdw that the heavy model s outper
t hset rt bstheal d of |1 oUs are used.

By examiningf tédaechr eadrnid hosh weicd ws-EGN N a t Mcé
performed very well, despite Dbelitn gwatsh ea boll
to detect t hmausrhajoorm Wiiytshd fadndcdeesnt mas ks as
i n the nexThdéewerrfignmandae kaRN i wivleld by r ec
as the baseline for the compdhiesansshanect
oMS -RNMNnd CascaCMN MassfkkorRt ed wioohsme tplkre f Dir mM
MaskCNNEspecially C&bbadehMag&d Rehéomwmomars
among al | t hé@ghidsat hi todctmuerefsor mance can
i ntroduction of more parameters that need
of trainingf edaattuar eanedx ttrrae t i on abfilthe a
architectures Imemaihread wtoha sswaebdeg gterra i anrecdn
the same tohiexngapobwerfrom the dataset.

As des cChadpBlddild ARNN ntroducledanac hnewms e d
applying a score orcltalMaesm@Nbrghodecedr by
extra branch i s compr,i stehdato fwenreew ftirnae tnuanbel
dat.askdowever, t he f eat urae cehx ttresaccttloee sosoamep C
with MadsN, Rvhi |l e was eixrntrraodwdead i n t he tr
simil ar manner-CNKabhaadetMMashka sikC NN eh e a d
component f(rcooompcliassesdh 6 ulmeéx npmanch and mas
a®ach one of these three head components
Despite theald3xatbhil merstemagpdhiedseed f eat ure extr a
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of Cascada& NMamsaki nRed t he s anCeN Na sh atsh ea nodn en oM
tragnidata was included during the traini:

By examhesegthreeoar ookhiWtyeod teg x eébsnitni ng
di sti hcgihvelaywd heavy model s amdexatcht et eb e
thasi ng a more compl eoxn efnd a t(uhreea veyx tnroadcet! osr)
performance. Howeeenewltyhwei mumbeuwc ed wei g
CNN and Cas<«a&ddtea nMaestkc oRUNt erdal aotckedheavy
these two architectures ptehd ogimmpdNeNMa 9 K 3
Meani ng that fuesaitnug e huesxtk noaecetpiscorml o not gi ve
power t o t héfhias clsiett datckrmecwaint hb et wo v esroclou t
i ntroducti ont oofcomomrteer dat ance tdeki feyxttrhae
architectoceease information fl ow.and act

The archit eschtouwse gafea TG mprovement whe
MS -RNN and Cas&€ddle bMas kalRnost -GNMii Thrstios
happemwminhg hough i s basedCMNWM (tuhsei nCga stclérdece M
despite using the sametthhmousnatmeo ff etart alir rei
backl@dne. i mprovement camormreeaattiton D uld etdwe &
heads and dt hber annecwh afdodre t he extra segment a
This i mprovement in architectumomae hae &l Ing
stages and components, even though the &e:
not changed.

From alhe arkédtiacecRIIrreadas the best perfc
t hiempr owmddr mati on f | owi tolfi e HI [Cd dhbsaetcsk bibma e
(describe@ 5Si)nh chapbke bhetqpead dkdiaga r v ena p .
combinatirord eaft ubet tmaps and betthheerb @ sntf orrens
overabbrpassing the both 1ight a@NMNN heav:
archi tdesctpunte t heavaiwl afndoas nttr acifni ng

Based ma&s ulhtes , difdb eThaabviieorl o f staelse ar c
predinotetde wheewfafrii ©f entr aadmotuegt waosAsmaVv i | ab
t heerchitectures are desce@NM,nciest eodgr atthieng
updsat eit i sl le xqtfeoc tt eagtviee rb per f @d hamwecea g t he
results of each of t he MSu t&NAd\r 8 t rooedrubceensc h
i mprovement modul e i n tahrde dsftmadedan,t cda srceacdte
architectures -ONN CHBC aard RBBasskeedRcoonl |tehcet e d
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resul tMMDpeft etchtei on t ool box, -CtNWNe i se rsfi ai mharmr c
performance ofCNNMeadabet Mask Rhem better

RCNN Regardi ng -stthaeg et harreceh i mwelcttiur e s, each
defeoncies of threepuletviimag si m nBse# neccnt go RtSh epne, r
foll owed by HTC anBCNNnally Cascade Mask

A better U 0 d e rheodaweohi d ianhgefcitdu r e r fooame d

achieved through visualizing ahhlde codimfpfaegn e
shades of green color in the I magesxdrefer
It 1 s not a me aascucruer aocfy ecdofn ftri ledepamcabd g t h e
Il n order to present I n a better and mor
numbering of the i mages wil/l correspond
architecture as foll ows:

(a) = original image

(b) = light Mask RCNN

(c) = heavy Mask RCNN

(d)=light MS RCNN

(e) = heavy MS RCNN

(f) = light Cascade Mask-RNN

(g) = heavy Cascade Mask@&\N

(h)=light HTC

() =heavy HTC

() = DetectoRS

I n the following Figures, di fferent ro

commented. ant 6 mumptwoeoobmhe nstances of th
homogenaus tVibamat aset . Heelreeu, r ootnul sy itsh ed estpe
artificial environment with specific and
bl ack bactklhge oplnals toifc cover of dtehtee cd u ot rae
segmentation of mus hr orouncthr wigihde hrea ol haelr |
background wshliicghhtclayn shianviel ar texture or ¢
not appear n oasbeala ptrhoeblmodel s do not mi
mushr Momeovehapeheft t he mushr ooash bienistt ainnc

di fferent si zes and madhimeomsvaerldes . ndthede

were not i ncl udecfd time Tticheet magnentiortea tmuosnh r 0 0 ms
bi ggerarsehamere easily identified, especi
Howevdrre 1 s naunmmdgnmdti crasemti nstances that

omasked with | odw agualtirtayr ymasshkasp ecs .
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Figure15Mushroom clustersubzlighted area and arbitrary masletectoRS best
overallresults
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Figure16 Good performance but problems with occluded;lsgit and neighboring
instances observed.
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Il n Figure 15, the overall perfor mance
given the numerous instances included 1in
Suwbi ghting of some samples. Wi th the exce
modelrsoduced at some extend masks with a
di stinguisheg. i Al Figfurtelse 1fodcdel s fail ed t

bottom right of the cluster, something tF
smkgdad fic instances. Mor eover, throughout t
could not be i dentified by the smal.l par
the model s. Finally, a secondary mushroor
detected at all, somet hing that I's desir
Il maga. Filgurntehe dark ainesasthowbhéocl|l sosmer a
resulting in the mushr dboem dientsetca necde s dnuoet

condi tions.

Figurel7 Low light instances failed to be correctly detectddavy Mask RCNN (a),
light Cascade Mask-RNN (b), DetectoRS (c)

Examining Figure 16, the overall perfo
most of the big instances. However, small
were not detected by the models. More spe
diefrfent i nstances that other models coul d
of the cluster, that are not sufficient
cluster, are not detected by anye oniodiehles m
fused two distinct i nstances under a si n¢

as one, Fi gume sFillga rteh e ,alg rajckelae mbor d éhrei n g
mus hrosmsthomwnsome of t he ar chi teetcweueene st t t
t wo i nstances
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(b)

Figure18 Original image with two mushroom instances (@ht Mask RCNN
produced mask (blight HTC produced mask

Amt heexcrampl e of good performance of al/l

FigBOreln this case, alll of the model s de
few exceptions of masks having tarweirter anroyt
abl e tosmdtlecmtusahr oom i nstance at the bot
CNN ( F20.gdu)r eand | i gh+iCNGla g ¢c2.¢fer)r.das k R

A similar case with many si @6ni lcamn freolsle
I n F2RAguT e di ffer esnde aitn tthlreate iimagqe il i ght
of the models split a single mushroom in

This can be2lsben,dnflFigghras the bottom of
has grown &Gpgl#édsesdvawrz.oomed version of th
for a couple of archite®©Overasl|lthédobthaimode
RCNN architecture, detect most of the occ
mas ks I n woetdheefrii nmeodr &@nc e s .

(a) (b)
Figu®ei gi nal oinmaghr wdbmhi mesaMeyske R( a) ,
CNN produced mask (b)., Iight HTC p
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Figure20 Overall good performandey all architectures.
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Figure21 Decent performance but problems wiitcludedandsplitting one
mushroom instance to twesobserved.
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| boFHur2e3lsn24dt can be observedk BRIN&At Dbot
produce the best results among all the ot
fairly goaldmomats ksl f oof t he mushrbsem viarn 9 toa
is that they are able to pr oduhbbeotmaosnk sofe
the cl ust2eéerveinn tFhioguugche t he ot her ®Mmoédel s, ne
Fighdewbhdbth MaNNK amnd DetectoRS identify a
instances i n tMaes kENRY cbuabée, t osnldsemeelclte rir
mushrooms in the secondary cluster at t he

Finally,25 mpbRifpourmrmnce of DetectoRS is

modeldycipmge good quality masks without ov
ot her wrednnetctachi eval skbkay apdi evan ins
side of the cluster into two instances.

smalnseres at the bottom of t heCNN unsotdeerl sc,o
the maskmpgemrnd attlgatcodn aWwb@daoecker e detail ed c¢
bet ween the arbitrary masks pr odsuhcaepde df r o
masks of DetectoRS can be seen.

(a)
Figure22 Arbitrary masls prodwcedby light MS RCNN (a) andight Cascade Mask
R-CNN, while good quality masks by DeterctoRS (c).
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Figure23 Overall good performance, both MaskdRN models detect smaller
instancest the bottom of the cluster.
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Figure24 Overall decent performance from both MasiCRN and DetectoRS, but
only the former detects smallerushroominstances
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Figure25 DetectoRSroducingbetter resultsvithout arbitrary mask
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4.2 V6 Google dataset results
Al | model s werelbraponetdsfottashouad of

10fepoch, the models showed I|ittle or no
selected for the fin@ahetbksestaifmgngtfthreatie nat
was setamd dioldetlhse - weaenpdeon .COCO Dat aset

Table2 Performance comparison between the architectures on V6 Google dataset
Red indicates the best results columise.

Architecture Backb Pr eci Rec|FlIsco
ARBRo ARs mAP
|l i ght 0.78 0 .44 O.7®| 0739 0780
Ma s kC NRN
heavy 0.88&8 070 0.640.7Y 0.72
l i ghtg 0. 8¢ 0.72 0.6Y0.71 0.539
MS -RN N
heavy 0. 87 0771 O0.6§ 0474 0.71
Cascade l i ght 0. 8¢ 0.73 0.6( 0.38 069 7
R-CNN heavy 068 0Oo.4d6 0.610.71 0.70
l i ghtg 0. 8" 0.74 0.610.7¢ 0.71
HTC
heavy 0.8" 0.76 0.6¢0.71 0.73
l i ght 0. 8¢ O.77 0. 7( 0.784 07 4 4
Det eco
heavy - - - - -
One of ctohmemedmtrsshhe numeri cal resul ts of
t haltl the heavy models oufTphesfoam bbeitth

t hheor e c bmp k eowfn etsh @ nleslhgarty e x etctud et ek tcefr f
extraction,r promfvordmatgi dretft @r tAse erxesetct efd
DetectoRS mradhudedctuhe bestdure dwl ttsh ei ne xa
up dsotne whaedrechitecture

Even though the t ogearl tnhuamb etrh eod atdmetra d
observation can be done arglirtdeatgurndease pae
avail able data and the numbewi tohf rpedraa nde tt
extracted featur e malphs sa nd sfelrovva ta fo ni nefxa rer
and heavoyf neoadcehl sar chi tectur e
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The perf dam&k@E ©o&d&n be considered as t
Thenby introducing upMat@NN iannd hGa sacracdd t N
CNN t bBe pdictaidse have mor ki pathaimme td ghres ptoavel e
featurerexai acst thkbewewame. t hi s f olT Cnoandt he
Det ecODo RShe HAEC Mmamadgdgeghtoy askPpNeNHMber m M
to higheasrelhdéd mbAP.Oss mhleaot her | hgmd, mbDealted
i's able to outperform bot-GNNighdchianacthene

A better wunderstanding of thaclpieey®d m
through visuali zing anodn ctohrep.arne sigmpsodrtd a p
i nformati on f or thhaet utphceo ndinfgf efriegnucreess iins t
mushroom instance indicateaoahidndgféeépemnoe w
confidence or ther agarudiarcy tolre itohrpd eens dtieal tsi
i n a better and more efficient way the pl
widdrrespond t o lai gshpte corf ihce anvoyd)e lwd an arc

(a) = original image

(b) = light Mask RCNN

(c) = heavy Mask RCNN

(d) = light MS RCNN

(e) = heavy MS RCNN

(f) = light Cascade Mask-RNN

(9) = heavy Cascade Mask®&\N

(h)=light HTC

(i) =heavy HTC

() =DetectoRS

From t hreesmuaintys of the test psetsent lee ¢
di scussedl uding different ki nds. olfn peome®

casealsl, of the model s managed, tewhisluecens s b
they all failed. This has toheoimagé. the
c astehse si mpl er model s pr odnuocreed cnoentpiloecxr ewerr
to visually . .ouwnpewosor mft hem cases, the ex

Il nstancesamnstbamnoweeandi ¢ hreedb aatdktg rdAd®ouwiedvies |,
I's an exploratory anadryistiisc alnd( ¢ .hgu ntaasdkma
anatomy in surgical operation), the accu
pi xied sconsi dered enoughectMaehkibsv @i s ai n gaome
produced masks and thexdaocteunel zmwsnhrn o m eier
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Figure26 Good detection performance by all models
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I n FRumecase wheperboirmethevenogdewsl| | |
egment ati on Abtshke iisn spiraensceenst eadr.e det ect eo
oreground and Fiom stehmic dlawckegdweumads a bt es on |
he upper part ofbutheal muole mdhilme moaded s) e c |
an accur d&tug tyheyronmoer ef ar smahl ehei nsghhceaend
areas of ataddes oi nmacgceu,r thel yndlgt senaé d. part o
most of the madelosn ht-ehveg hcneinsisesrdr oomhienst a
stal k of the mosaroompindgtyd sha € WVdFIRIgur e
2@land by DeRiexZifoeRBet ween t hodast Wiet eldd tea
stal k aQveirtad [ f,ulitli.et ltios r e Maigrasatnebeecced 8t ect e
and with a very good accuracy for each ir

~ —h (n

An interesting cax7lecanabé weeibHien meide
det ect and differentiate betweehowkee® emush
t hwassdo t he case for the border detection
exi st in the | maige.cahnt baottashdet hbey pres
task for tvhoer knmfosdreil ts @ amo sbte osfe ethnhe model s
over lgapmisrk s, t hate xftreomddliiintttor]l uddhete o olbhheg r 1 n

onimp del t hdatto noavneargceome t his di ffiFcglut es i f
23 From all the ot her -@bbthelosduaxcreldy dheecaeawnyt M
stislmala , ocaweral apme ®eeodlsleyr veespi te the q
altlhe models managed to detect all of the

Anot hexampl e of the supremacy?2@fs Ddt ec
washe aornclhyi t ec det e cparboladeudcteo d et a IFR & i rTehaes k
ot her architectumas kst wigd!l ed,bigrmrmraduwcismha
I n Fs2gu,yeceo mbi ned more than one actual mu ¢
Fi g2®esgy mi ssed some ,mulRiiy8drdeisei onal §n me d e |
produced results closawete hhavypynel$§Cframr
| ogi calodewhs hsescomd in overall p e rTfheer man c
performance of Detent BR&whreartef washéhepoaolV e
able to detect the dé&pig9@Edi smmuskampimei was
the hardest based on the similarity betw
the color. alnhdept exedr empl em&©St dteiadur ef eRe
backbone, combf oewchaivi oh t hew provided on
was able to solve the difficult task of
Surprisingly,CiNNemddeglt Wwaadsehtpdet otton o f t v
mushr oomwhnislteanoctemwse t hmbeelt €r over,alclouleds u
not .

45



Figure27 Dual mushroomsvith overlapping produced masks from most models.
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Figure28 Arbitrary masks and detectiaversight by most modeésxcept DetectoRS.
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Figure29 Dual mushrooms with complex background, DetectoRS good performance.
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Despite the good overall performance o
DetectoRS6, there were cases whereg melnlt o
all the instances in an3@ma&ldewh&Ehestoadil
kind of mushr ooy Baleed idsetpiincctte dmyu slbnu o o mi t F
arbitraayespapked together creatsnbebwecer
the instances are not elxwdywsewolf| tdef moaeaa
able to find all the instances in t.he i m;
Regarding tihe mobhseshfooms of ntthea olfuatltheer iam
the architetpumoadsacet hugdl g uaraistkys ma s ks ,e
more arbitrary shapes than the mushroom
Il nstances. DOvectad RS wad yt he model with tl
guality masks for the mushroom instances

Amteh exiasnpbbBown3ilnwhegaer e he mushroom
mul ti plmushaddms with the cl aslilsmct Isiha piemav

even if t he mus hrstoam dsalradp ezse dar & hmo rper o b |
Il nstances nandadoctcol umamypt | bei agcedset ect ed
phenomenon noti ced i n Hawévdrhe telkeamdinfefder

performance compariesd tthoat F-degher ereadr es hwaelel
mushroom species f &deitlietramas kishseoSoe, ei@ivietoa
were not detected, twepoobnesdedatebat uakly
mas Kk s .

Acase twheeraer chitectures st riuwgleel rt otlHies
Il mage t he depciacnt ebde neaasmhsrikododn®e e d Nesvt earntchee. | e s
tme are distinct par tcsanofbet hfealnsuesl hyr odoem eccl
i nstBnomsa networkcl eseeri $hobkldd wbhe.baeenei

From all the mMod€N&N, omahwgkdavy NMEORUCE
most dodépitdhteed cl uster, but smal | &f o eel a
mushroom of t his shape wehree mondcelludd elda vdel

performé&dnlaé¢tttyer i n a 8Bmohhy theeheaviFi o
architectur e, pl us ctohrer ie@teatthdyd tf oy R &,n dw esree meek
mushroom clust.erOnad henetihregtsehramal ] dt het | 1
t he altucsdtladirsel y detected gmall | enu.spha mtosnso f
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Figure30 Arbitrary mushroomsnstances in clustdeading tolower qualitymasks
and detection performance.
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Figure31 Many smaller mushroom instances witkll-definedshape, resulting in
better quality masks but missing detection of some instances.
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Figure32 Mushroom cluster considered as one instgmoging difficult task for all
architectures.
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