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ABSTRACT

Interactionsbetweengalaxiesleavedistinguishableémprints in the form of tidal featureswhich hold importantcluesabout
their massassemblyUnfortunately thesestructuresare dif cult to detectbecausehey are low surfacebrightnessfeatures,
sodeepobservationgare neededUpcomingsuneys promiseseveralordersof magnitudeincreasen depthandsky coverage,
for which automatednethodsfor tidal featuredetectionwill becomemandatoryWe testthe ability of a convolutionalneural
networkto reproducehumanvisual classi cationsfor tidal detectionsWe useastraining 6000simulatedimagesclassi ed

by professionabstronomersThe mock Hyper SuprimeCamSubaruHSC)imagesincludevariationswith redshift, projection
angle,andsurfacebrightnesguim = 26—35magarcse€?). We obtainsatisfactoryresultswith accuracyprecision,andrecall

valuesof Acc = 0.84,P= 0.72,andR = 0.85for thetestsample While theaccuracyandprecisionvaluesareroughlyconstant
for all surfacebrightnessthe recall (completenessis signi cantly affectedby imagedepth.The recovery rate showsstrong
dependencen thetype of tidal featureswe recover all theimagesshowingshellfeaturesand87 percentof thetidal streams

thesefractionsarebelow 75 percentfor mergers, tidal tails, andbridges Whenappliedto realHSCimagesthe performancef

the modelworsenssigni cantly. We speculatehatthisis dueto thelack of realismof the simulations andtakeit asa warning

on applyingdeeplearningmodelsto differentdatadomainswithout prior testingon the actualdata.

Key words: methodsobsenational-softwaredevelopment galaxiesinteractions- galaxiesstructure.

rst, and producedark matter haloesthat accumulatebaryonsat
the centre.The small structuresaggregatesuccessivelynto larger
In the standard -Cold Dark Matter( CDM) cosmologyscenario,  structuresvia mergersin a processknown as hierarchicalgrowth
small-scaleoverdenseperturbationsn the early Universecollapse (White & Rees1978 Fall & Efstathiou198Q0 White & Frenk
1991 Lacey& Cole1993. In addition,accretionprocessesf small
satellite galaxiesor gasin laments producea vastand complex
network of ultra-low surfacebrightnessstreamswhich should be

1 INTRODUCTION
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presentaroundall galaxies(e.g.Pillepichetal. 2014andreferences
therein).

Therefore,galaxy mergershave a fundamentaland critical role
within the CDM cosmogonyWhile thereis a generalconsensus
thatthemergeifractionincreasesvith galaxystellarmasspothfrom
simulations(e.g. Rodriguez-Gomezt al. 2016 Husko, Lacey &
Baugh 2022 and obsenations (van Dokkum et al. 2010 Lopez-
Sanjuanet al. 2012 Rodfguez-Puebleet al. 2017), the relative
contribution of in situ star formation and accretedstellar mass
remainsan openquestionacrosamuchof the galaxymassspectrum
(e.g.Quetal. 2017 Fittsetal. 2018 Conseliceetal. 2029. Therate
of majorandminor mergerevents andtheirimpacton galaxymass
assemblyandmorphologicalkransformationsarealsounderdebate
(e.g.Lotzetal. 2017 Lofthouseetal. 2017 Martin etal. 2017, 2018
2021).

Minor mergergwith baryonicmasgatiosbelow1:4) areexpected
to be signi cantly more commonthan major ones(e.g. Cole et al.
200Q Lotz etal. 2011, andto remainfrequentevenat the present
epoch(althoughthis is still underdebate seefor exampleO’Leary
etal.2021). As minormergersionotnecessarilglestroypre-existing
stellardiscs(e.g.Robertsoret al. 2006, signsof recentor ongoing
minor mergersshould be apparentaroundgalaxiesin the form of
stellartidal featuresyhich extendnto thehaloof thecentralgalaxy.
Merger remnants,which are only a few dynamical periodsold,
shouldlieavedistinguishablémprintsin theoutskirtsof galaxiesThe
frequencyandcharacteristicef thesefeatureshold vital cluesto the
natureof the eventswhich havecreatedthem (Hernquist& Quinn
1989 Mihos, Dubinski & Hernquist1998 Helmi & White 1999
Mart nez-Delgadetal. 2009 Hendek& Johnstor2015 Montesetal.
202Q Spavoneetal. 2020 Vera-Casanovatal. 2022, andcanthus
be usedto disentanglehe different formationchannelsFollowing
Duc et al. (2019, tails areexpectedo be pulled out materialfrom
a gas-richdisc galaxy, while streamswould be stripped material
from alow-masscompaniorbeingconsumedy theprimarygalaxy.
Otherfeaturessuchasfansandplumesare expectedo comefrom
dry, major mergers.In addition, cloudsand shellsare expectedto
be the resultof interactionswith radial orbits, while great circles
are more predominantfor circular orbits events(Johnstonet al.
2008.

Unfortunatelythemajority of tidal featureshavevery low surface
brightnessexpectedo befainterthan29magarcse€? in ther-band
(Bullock & Johnstor2005 Cooperetal. 2013, andextremelydeep
observationsare necessaryto detectthem, as shown explicitly in
Conselice,Bershady& Jangren(2000, Ji, Peirani& Yi (2014,
Bottrell et al. (20193, Thorp et al. (2021) and Mancillas et al.
(2019, wherethe authors nd two and threetimes more streams
basedon a surfacebrightnesscut-off 33magarcse€? than with
29magarcse€?. Although thereis an increasinginterestin the
literatureon theidenti cation andcharacterizatiowf tidal features,
most works focus on the detailedanalysisof a small number of
objectsvia visual inspection(e.g. Mart nez-Delgadoet al. 201Q
Javanmardiet al. 2016 Morales et al. 2018 Martinez-Delgado
et al. 202% Huang& Fan 2022 Solaet al. 2022 Valenzuela&
Remus2022, someof them belongto local groupsor clusters
of galaxies(e.g. lodice et al. 2017 Mihos et al. 2017 Spavone
etal. 2018. A sampleof 92 ETGs galaxiesfrom ATLAS®P was
presentedn Duc et al. (2015, reporting signs of interactionsor
perturbedmorphologiesin more than half of them, thanksto an
observingstrategyand datareductionpipeline optimized for low
surface brightnessfeatures.Hood et al. (2018 presenta visual
identi cation of galaxieswith tidal featuresbasedon DECam
Legag Surwey images(r-band3 depthof 27.9magarcseé€?),
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but dueto the small areainspected(100arcseé), lessthan 200 of
themhavetidal featuresdetectedwith high con dence.Oneof the
largestcataloguesf tidal detectionsup to datewas presentedn
Kado-Fonget al. (2018 using The Hyper Suprime-CamSubaru
Strategic Program (HSC-SSP,Miyazaki et al. 2012 data. The
authorsappliedapplieda Itering algorithmthatiterativelyseparates
low- and high-spatialfrequencyfeaturesof images,resulting in
a sampleof 1200 galaxieswith tidal detectionsfrom a sample
of 20000.

With thearrival of largeimagingsuneys suchasEuclid (Laureijs
et al. 2011) and the Vera Rubin Observatory’sLegag/ Suney of
Spaceand Time (LSST; Ivezic et al. 2019, the detectionof these
featuresvia visual inspectionis unfeasibleand automatednethods
becomeimperative. The use of superviseddeeplearning for the
analysisof galaxy images,suchas convolutionalneural networks
(CNN), hasprovento beextremelysuccessfulor classifyinggalaxy
images(e.g, Dieleman,Willett & Dambre2015 Huertas-Company
etal.2015 Chengetal. 202Q Ghoshetal. 2020 Hauser& Robertson
202Q Vega-Ferrercet al. 2021, Dom'nguez Sanchezet al. 2022
Walmsley et al. 2022, including classi cations of relatively rare
objectssuchasstronglensedgalaxies(Lanusseet al. 2018 Cheng
etal. 2020 or post-mergerge.g.Bickley etal. 2021). However, one
of themaindrawback®f supervisedearningapproacheis theneed
for a large sampleof labelledgalaxies(of the orderof thousands)
to train and test the algorithm and its performancein different
regimes(seeHuertas-Compan& Lanusse022for areview onthe
topic). An alternatives the useof simulationstheviability of using
galaxiesfrom hydrodynamicalsimulationsto train deeplearning
modelsto classifyrealgalaxiesandmergershasindeedbeenshown
in Bottrell et al. (20199 and Huertas-Compangt al. (2019. The
scarcityof a largenumberof galaxiesshowingtidal featuresto be
usedastrainingdatahaspreventedo developautomatecgupervised
detectioralgorithmsandsofar therehavebeenalmostoattemptsn
theliteratureto thisrespectA pioneeringeffortto developa CNN for
tidal streandetectiorwaspresenteéh Walmsleyetal. (2019, where
the authorsusedimagingfor the Canada—France—Hawdielescope
Legay Suney-Wide Suney (Gwyn 2012). However, the models
only achieveda 76 percentaccuracyprobablydueto the smallsize
of thetraining sample( 1700galaxies,of which only 305 showed
tidal streamdetections).

In this work, we usesyntheticHSCimagesof galaxiesgenerated
by the NewHorizoncosmologicalsimulations(Duboiset al. 2021)
to examinethe viability of using CNNs to identify galaxieswith
tidal featuresThe original sample describedn Section2, includes

6000 imagesat different surfacebrightnesslimits classi ed by
professionalastronomersThis is the largest catalogueof tidal
featuresbasedon visual classi cation up to date. We describe
our CNN and training strategyin Section3, and test the ability
of the CNNs to recover human-like classi cationsin Section4,
where we presentthe performanceof the model as a function
of the featureclass(Section4.1), redshift (Section4.2), and im-
age depth (Section 4.3). The outcome of applying the models
to real data are discussedn Section5, including an attempt of
using the Kado-Fonget al. (2018 classi cation as a training
sample We summarizeour resultsanddiscussheir implicationsin
Section6.

2 DATA

We take advantageof the galaxy imagesand labelling presented
in Martin et al. (2022 herafter M22). The galaxiesare gener-
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Figure 1. Exampleof theclassi cationperformedn M22. Imagesf thesamegalaxyobservedatz = 0.05with differentjtim (28,29,30,31,35magarcse§2,
form left to right) wereclassi ed by avaryingnumberof astronomer¢N) into differentcategoriesThe numberof observedeaturef eachclassis reportedn
thecut-outs(St= streamsSh= shells,T = tails,M = mergersB = bridges)alongwith the total numberof featuregNs) andFrigai = N¢/N. In this work, we
consideraspositive examplesto thoseimageswith Friga > 1, negative thosewith Friga = 0, anduncertainotherwise Following this criteria, theimageswith
Mim = 28and29 haveanuncertainclassi cation,while thosewith p;m > 29 areclassi ed asshowingtidal featuresThe cut-outsarenormalizedin the (0, 1)

rangeusingarcsinhstretch asdescribedn Section3.1

atedwith NewHorizon,state-of-the-artosmologicahydrodynam-
ical simulations (Dubois et al. 2021), a zoom-in of the parent
HorizonrAGN simulation(Dubois et al. 2014. NewHorizoncom-
bines high-stellar mass (1.3 x 10*M ), and spatial resolution
( 34pc) with a contiguousvolume of (16Mpc)®. Given the dif-
fuse nature of galaxy stellar haloes,the trade-off betweenreso-
lution and volumeis an importantconsiderationThe simulations
adopt the cosmologicalparametersrom Komatsu et al. (2011,

m= 0272, = 0728, p= 0.045H;= 70.4 kms>tMpc®L).
We refer the readerto M22 for more technical details on the
simulations.

2.1 Mock galaxyimages

Theparentsampleconsistof 36 uniquegalaxieswith massesbove
10°°M atz = 0.2,andtheir progenitorsatz = 0.4,0.6,and0.8.
RealisticHSC-like mock imagesare generatecby convolving the
smoothedstar-particleuxes with theg-bandHSC 1D PSF(Montes
et al. 2021). Three projectionsof eachsnapshot(xy, xz, yz) are
createdat ve differentdistanceqcorrespondingtz = 0.05,0.1,
0.2, 0.4, and 0.8). The physical eld of view is 100kpc (proper)
croppedfrom theinitial 1 Mpc cube.Mock imagesareproducedor
eachgalaxyby extractingstarparticlescentredaroundeachgalaxy.
The spectralenergydistribution (SED) for eachstarparticleis then
calculatedfrom a grid of Bruzual & Charlot(2003 simple stellar
populationmodelsassuminga Salpeter(1955 IMF. They account
for dustattenuationof the SEDsusing a screenmodelin front of
eachparticlefor which agas-to-dustatio of 0.4 Draineetal. (2007,
anda Weingartner& Draine(200) R = 3.1 Milky Way dustgrain
model are assumedAfter redshiftingeachparticle SED, the ux
of eachparticle is calculatedby convolving with the appropriate
bandpasgransmissiorfunction. Finally, randomGaussiamoiseis
addedto the simulatedimagesto reachdifferent limiting surface
brightnesg1!™ correspondingo 28,29, 30, 31,and35magarcsee?
(3 , 10 x 10arcsec).The combinationof theseparametersesults
in 10800 uniquesimulatedimages.Sincethe pixel angularsizeis
xed, the differencein distanceof the galaxiesdirectly translates
into cut-outs of different sizes (26 x 26, 36 x 36, 60 x 60,
108 x 108,204 x 204 pixels, from z = 0.8to 0.05).In orderto
increasethe samplesizeandto havemockimageswhich resemble
currentobservationdbetter,we havegenerate® x 1453additional
snapshotsith pim = 26 and27magarcse€? by addingGaussian
noise following equation(3) from M22 to the deepestavailable
image of eachparticular counterpart(i.e. with the corresponding
ID, snapshotredshift,andprojection).

2.2 Tidal feature classibcation

M22 performeda visualinspectionof 8000 uniqueimagesby 45

expertclassi ers,with arandomsubsebf themclassi edsix timesby

identifying the presenceof tidal featuresand classifyingtheminto

stellar streamstidal tails, shells,tidal bridges, merger remnants,
doublenuclei,or miscelane& Theclassi cationwassummarizedn

acataloguéncluding5 835uniqueimagesThemissingimagesvere
notincludedin theclassi cationcatalogudor beingtoonoisy.Weuse
this catalogueasparentsamplein our work. Thevisually classi ed

imageswere createdat HSC pixel angularscaleof 0.2arcsecbut

rescaledo 1arcseccomparablego the FWHM of the PSFused(an

observemightreasonablyebinlike thisin orderto gainadditional
depthwithoutlosinganydetail). Thisrebinningwill haveasigni cant

impactwhenapplyingthe modelstrainedwith theseimagesto real

HSC-SSPdata, as we discussin Section5. In this work, we use
the exactsameimagesasthosevisually classi ed to train the deep
learningalgorithm,sothatthelabelsareconsistent.

Fig. 1 showstheresultof theclassi cationfor a particulargalaxy
imageobservedat redshiftz = 0.05with differentlimiting surface
brightnessEachimageis classi edby anumberof astronomergN),
whichassigrthenumberof observedeaturegN;) of eachclassothe
image.This meanghatmorethanoneclasscanbeassignedo each
imageandthattheclassi cationcanchangewith i, butalsodueto
projectioneffectsor spatialresolution(redshift). For this particular
examplethedeepesimage(u;im = 35magarcsec?) wasclassi ed
by N = 3 astronomerswhich annotatedeaturesof streamsshells,
tidal tails, merger andbridgesaddingup to a total of Ny= 9. On
the otherhand,the shallowerimage (u;m = 28magarcsec?) was
classi ed by N = 5 astronomerspf whom only one annotated¢he
featureclassof merger(N; = 1).

To the best of our knowledge, this is the sample with the
largestnumberof tidal detectionssisually classi ed by professional
astronomeralp to date,makingit the optimal samplefor training
adeeplearningalgorithmfor automatedetectionof tidal features.
However, the examplefrom Fig. 1 illustratesthe challengesf the
visualidenti cation of tidal featuresthe de nition of the different
classe®sf featuress notobjective andthereis adiscrepancypetween

INote that this numberis smallerthan 10800 quotedon Section2.1 dueto
missingprogenitorsaat somesnapshotsyhich aretoo smallto bedetectedy
thestructure nder athigherredshift.

2The plumeandasymmetricategorieslescribedn M22 arecombinedinto
asinglemiscelaneaategoryin the cataloguesincetherewasalargedegree
of overlapbetweerthetwo.
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Figure 2. Distribution of stellarmass(left), limiting surfacebrightnesgmiddle),andredshift(right) of theimagesfrom the parentsamplepresentedn M22.
The grey empty histogramgepresenthe full sample(5835images)thered lled histogramsshowthe imageslabelledaspositiveexamplef tidal features
(i.e. with Frigar > 1), andthe brown emptyhistogramsorrespondo imageswith uncertainclassi cations(0 < Frigal < 1 or labelledasmisc/doublenucleus
only). Note thelargedependencef the fraction of tidal featureidenti cation by the astronomersvith surfacebrightnesdimit andredshift(or, equivalently,

cut-outsize).

the classi ers. In some cases,the sameimagesare classi ed as
showingtidal featuredy someclassi ersandasfeaturelesby others.
This is a warningaboutthe reliability of the visual classi cations,
andhow muchtheyshouldbetrustedasthe groundtruth. Although,
we arewell awareof thesecaveatsye continueto usethis datasetin

our analysisasis thelargestandmostcompletegalaxysamplewith

tidal featurelabelsup to date.

To simplify theproblemin thiswork, wefocusontheidenti cation
of the presencéor not) of atidal feature regardles®f its category
and, thus,we considerall the tidal featureclassessimultaneously.
Sincethe imageswere classi ed by a varying numberof experts,
rangingfrom oneto six, and more thanonetidal featurecategory
couldbeassignedo eachimage wedividethenumberof tidal feature
identi cations by the numberof classi ers.We referto this quantity
asthefraction of tidal detectionsFiga = N¢/N, andconsidercertain
classi cationsthosewith Frigs = 0 or 1 (correspondingo 39 and
38 percentof the sample,respectiely). For the imageswith 0 <
Frigar < 1 (theremaining22 percent),the classi cationof different
expertswereinconsistentand we refer to thesecasesas uncertain
classi cations. To avoid including uncertainclassi cationsin the
loop, we remove theimageswith 0 < Frigy < 1 from thetrainand
testsamplesAfter visualinspectionof someimageswe foundthat
the classesniscanddoublenucleusdo not t exactlyinto thetidal
featureswe areaiming to detect.Therefore,jmagesclassi ed only
asmiscor doublenucleusarealsoremovedfrom theanalysis.

Thedistributionin mass surfacebrightnesdimit, andredshiftof
theparentsampleandtheimagesclassi edasshowingtidal features
are shownin Fig. 2. The detectionof tidal featuresby humansis
largely dependenbn the depthof theimagesandon theimagesize
(or redshiftof the galaxy),asreportedby M22 and clearly seenin
Fig. 2. This hasimportantconsequence®r the performanceof the
algorithmfor automatedietectionof tidal featuresaswe discussn
Sectiord.

3 METHODOLOGY

Weusesupervisedearningfor theidenti cation of galaxiesshowing
tidal featuresj.e. we needto providethe algorithmwith the ground
truth we would like to recover in the form of labels(in this case,
tidal featuredetectionor not). We use CNNs, a classof arti cial

neuralnetworksconsistingof convolutionkernelsthat slide along
input featuresand provide feature maps. These maps are then

MNRAS 521,3861-38732023)

passedthrough a fully connectednetwork that outputs a value,
correspondingo a particular propertythat we want to learn. The
nal function (or weightsof the model)is the onethat minimizes
the differencebetweerthe outputandthe input labels.In this work,
theinputto the CNN aresingle-bandmagesin the HSCr-band(we
usether-bandimagessincetheseweretheimagesclassi ed by the
professionahstronomers M22) with theircorrespondingabels(0Os
for non-tidaldetectionsand 1s for tidal features) The outputof the
model,Priqal, IS the probability thattheimageshowsa tidal feature.

3.1 Image pre-processing

Beforebeingfed to the CNN, the galaxyimagesare normalizedin
the range (0, 1) to avoid operatingwith very large numbers.For
the normalization the commonlyusedasinhstretchfunction® (see
Lupton et al. 2009 is used,combinedwith a sigmaclipping of
3 percent of the faintestand the brightestpixels of eachimage.
Thispre-processingnhancethedetectiorof low surfacebrightness
features The imagesare convertedto the samesize,69 x 69, (the
input to the CNN is anarrayof xed dimensions)y rebinningor
interpolatingthepixel ux, dependingntheoriginalimagesize.We
testednputsizesof 100x 100withoutobtainingsigni cant changes
in the results.Throughoutthe paperwe usethe 69 x 69 stampsas
reference.

3.2 Input labels

We usea binary classi cationto separatemageswhich showtidal
featureqpositivesampleslabelledas1s)from imageswithouttidal
sighaturegnegatives,labelledas0s). Thereforewe unify all classes
of tidal featurednto a singleone(detectionor non-detections)As
explainedn Section2.2, we usethe quantity Figs to selectpositive
and negative examples,and leawe out of the analysisimageswith
uncertainclassi cations.

For theimagesgenerategpeci cally for this work at ujim = 26,
27magarcse€?, we do not haveclassi cationsby the professional
astronomersas theseimageswere not part of the original M22
sample.We chooseto usethe labels of their counterpartimages

Shttps://docs.asbpy.org/en/sible/api/asbpy.visualization.Asinh$étch. ht
ml
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Table 1. Architectureof the CNN usedin themaintext.

Layertype Outputshape Parameters
Input (69,69,1) 0
Conv2D (69,69,32) 320
MaxPooling2D (34,34,32) 0
Conv2D (34,34,48) 13872
MaxPooling2D (17,17,48) 0
Conv2D (17,17,64) 12352
MaxPooling2D (8,8,64) 0
Flatten (4096) 0
Dense (64) 262208
Dense (1) 65
Total numberof parameters - 288817

(i.e. with the samegalaxy ID, snapshotredshift and projection)
at Wim = 28magarcse€? as their ‘ground truth’ label. This ex-
erciseallows us to testwhetheror not the algorithm can recover
visually classi ed featuresin imageswith surfacebrightnesdimit
2magarcsec? shallower than the images used for their visual
classi cation.

We randomlysplit the samplein 85 percentfor training(resulting
in 4418imagesoutof which 1539aretidal detections)andreserve
15 percentfor testing(820,out of which 223 aretidals).

3.3 CNN architecture

The CNN architecturediscussedn the maintext, basedon the one
presentedn Walmsleyet al. (2019, is summarizedn Table 1. It

consistonthree2D convolutionlayerswith 32,48,and64 Iters with

sizes3, 3,and2, respectivelyand2 x 2 max-poolingvindows.They
arefollowed by a fully connectedayer with 64 neuronsRecti ed

Linear Unit (ReLU) non-linearactivation function and 0.5 dropout
rate.A nal singleneuronoutputsvaluesconvertedothe(0, 1) range
by applyinga sigmoidfunction. Binary-crossentropis usedasloss
functionand Adamasoptimizer. The numberof free parameteref

this CNN is 288817 (for inputsizes69x 69 x 1).

We havetestedother CNN architecturesnamelythe one com-
monly usedby theauthorg(e.g.Dom' nguezSancheztal. 2018and
Dom'nguezSancheztal. 2022, consistingonfour 2D convolutional
layers with 32, 64, 128, and 128 lters with sizes6, 5, 2 and
3, 2 x 2 max-pooling and 0.25 dropout? followed by a fully
connectedayer with 64 neuronsand 0.25 dropout. The number
of free parameterds 2600545, almost ten times larger than in
the Walmsley et al. (2019 CNN. A variation of the Dom'nguez
Sanchezet al. (2018 architecture,with Iter sizes(3, 3, 2, 3),
and adding a fully connectedlayer with 16 neuronsbefore the
nal layer,hasalsobeentested.In addition,conventionahetworks
such as ResNet-18,-50, -101 (He et al. 2016 and Ef cientNet-
BO,-B1, -B4, and -B7 (Tan & Le 2019 havebeenattempted As
the use of more complicatedCNNSs did not signi cantly improve
the results,we have decidedto use the Walmsley et al. (2019
architectureasareferencealueto its simplicity with respecto other
algorithms.

We use an overall standardstrategyfor training. We train for
100 epochswith a batch size of 100 and a validation split of
0.2 (from the training sample).Dataaugmentationsre performed
while training, including vertical and horizontal ip, weight, and
height shifts (by 0.05 percent), zoom-in and out (0.75-1.3)and

4Thisis aslight modi cation with respecto the original con guration.

Tidal featureidenti cation with CNNs 3865
rotations(0 , 90, 180, 270). We train 10 independenimodels,
randomly changingthe initialization weightsand the training and
validation sets.During the training, we observedo signsof over-
tting. The resultspresentedn the following sectionsare based
on the averageof the outputof the 10 models,which we refer to
asPrigal.

4 RESULTS

In thissectionwe studytheperformancef ourmodelsvhenapplied
to the test data set. We considertwo different testssets:the one
containingonly the original simulationsandlabelsby professional
astronomergi.e. surfacebrightnessy,  28magarcse¢?), and
the test set which includesthe original and the simulatedimages
at uim = 26, 27magarcsec?. We will refer to the former asthe
original testsampleandto the latter asthe original + shallowtest
sample.

We use standardmetrics for studying the performanceof the
models:

Accuracy= TP+ TN _ TP+ TN )

TP+ TN+ FP+ FN _ Total
. TP TP

Precision= m: Poed 2
P P

Recall= (-LP*' gN) = Pro 3)
X

Fl= 2x PR (4)

whereTP, TN, FP,and FN standfor true positives,true negatives,
false positiveandfalse negative, respectiely, while Ppreq and Pinpuyt
arethetotalnumberof predictedandinputpositives,respectiely. To
separatéheinstancesnto positiveandnegativepredictionswe use
thebinaryclassi cationthresholdprobability, Py, whichis thevalue
thatoptimizesthetruepositiverate(TPR,i.e.thefractionof correctly
identi ed tidal detections)yndthe false positiverate (FPR, i.e. the
fraction of nontidals classi ed astidal detections)simultaneously.
The numberof galaxiesin eachtest sampleand the fraction of
positives(labelledastidal detectionsn theinput catalogue)aswell
asthe accuracy,precision,recall, and F1 scoreof eachsampleis
reportedn Table2. Theaccuracys thefractionof correctlyclassi ed
instancesthe precisionis the fraction of TP amongthe instances
classi ed as positive (analogueto the purity), while the recall is
the fraction of TP amongthe positive input instanceqanalogueto
the completeness)-inally, the F1 scoreis the harmonicmeanof
thetwo.

Fig. 3 showsthe receiveroperatingcharacteristiccurve (ROC)
that representsTPR versusFPR as the discrimination threshold
(Pw) is varied. An adequateclassi er would maximize the TPR
while keepingthe FPRIow. The areaunderthe ROC curve (AUC)
is abore 0.9 in both cases(a perfectclassi er would have AUC
= 1). We alsoshowthe confusionmatricesfor the two testsamples
using as probability thresholdthe optimal value for eachsample
to separatethe predictionsinto positive and negative classesAs
reportedin Table 2, the accuracy(equationl) for the original
and original + shallow test samplesis 0.84 and 0.85, while the
precision(or purity, equatior?) is 0.72and0.71,respectivelyThese
valuesare surprisingly similar, taking into accountthe inclusion
of 300 imageswith p;m < 28 in the original + shallow test
samplefor which the groundtruth is assumedo be the labelsat
Him = 28,i.e.thosereportedfor imagestwo magnitudedeepetthan
the actually classi ed images.The main differenceis in the recall
(or completenesssquation3) thatdropsfrom 0.85for the original
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Table 2. Numberof galaxiesin the original andoriginal + shallowtestsamplesandthe
fractionof thoselabelledastidal featuresaswell asthe accuracyprecision recall,andF1
scoreobtainedwhenselectingaspositive predictionsthe imageswith modelscoresabove

their correspondindPy.

Positives
Testsample Niest  (percent) Piw  Accuracy Precision Recall F1
Original 532 33 0.32 0.84 0.72 0.85 0.78
Original+ shallow 820 27 0.31 0.85 0.71 0.75 0.73
1.0 T IS S N T . L T LI —.I 1.0
08 F x AUC original+shallow =0.9 ] [ 0.8
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Figure 3. Upper panel: ROC curve — True Positive Rate as a function of False Positive Rate— for the original (circles, colouredcodedby Py,) and
original + shallow(orangédine) testsamplesTheredstarmarkstheoptimalthresholdor theoriginal sample Bottompanels:ConfusionMatrix for theoriginal
(left) andoriginal + shallowtestsampleg(right) obtainedvhenselectingpositivesamplesasthoseabove the correspondind?y, of eachsamplelnputlabelsare
shownin they-axis, predictionsin the x-axis. Thenumberof objectsis reportedn eachquadrantcolourcodedby thefractionof thatparticulartrue class(also

shownin parenthesis).

test sampleto and 0.75 for the original + shallow test sample.
As expectedjt is moredif cult for the algorithmto recover tidal

detectionsin shallowerimages.We discussthe surfacebrightness
dependencef the classi cationin Section4.3. Sincethe precision
valuesarevery similar for thetwo testsamplesputrecallis smaller
for the original + shallowtest sample,the F1 score(equation4)

is alsolower for the original + shallow (F1 = 0.73) thanfor the
original sample(F1= 0.78).
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4.1 Dependenceon tidal feature class

Now we study the ability of our CNN to detectdifferent classes
of tidal featuresFig. 4 showsthe outputprobability of our model,
Piqar (largervaluescorrespondo morecon dent detectionof tidal
features),divided in the classesprovided in the M22 catalogue.
Clearly, thereare classeswhich are easierto identify than others.
For example,all the shellsin the testsamplearerecovered,andthe
TPRfor thestreamss 0.84,while for mergers or tidal tails is below
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Figure 4. Upperpanels:Outputprobability distributionof the modelfor tidal detection Priqal, for the testsampledividedinto non-tidalvisual classi cations
(left-handpanel,blue) andtidal visual classi cations(right-handpanel,red). Darkercoloursrepresenthe original sampleJighter coloursthe shallowsample.
Lower panels:Priga), for thetestsampledivided into differentcategoriesasstatedin thelegend.Thedashedine is Py, = 0.31,the thresholdusedto de ne a
instanceaspositiveor negative Thetrue positiverate(TPR) of eachcategoryfor theoriginal + shallowsamples reportedn the correspondinganel.

0.7.1t is alsoevidentfrom Fig. 4 thatthe modelperformsworsefor
the shallowsamplethe Pyqq valuesarelower for the positivecases
of this subsampleWe discussn moredetailthe effectof the i, in
Sectiond.3.

Fig. 5 showsrepresentativeexamplesof TP identi cations of
shells, streams,and mergers at different surfacebrightnesdimits.
Thefeaturesareveryevidentfor thedeepmagegright-handpanels),
and,in somecasesit is surprisinghatthemodelis abletoidentify the
tidal featuresn the morenoisyimages(left-handpanels) Besides,
thecut-outsaredisplayedattheiroriginalsize,nothinnedto 69x 69,
whichis theinputto the CNN. Theseexampleshowthatshellsand
streamsareeasieto identify by eyethanmergers. We note,however,
that the numberof shellsin the testsampleis small (12), andthat
thereare no shellsin the shallow test sample.This is due to the
fact thatthereareno visually identi ed shellsin imagesshallower
thanpm = 28magarcsee?, from which the labelsfor the shallow
samplecomefrom. In otherwords, the fact that we arerecovering
more shellsmay be dueto thesestructuresbeingidenti ed by eye
only in the deeperimages.We note againthat the different classes
reportedin the M22 catalogueare not mutually exclusive (seealso
Fig. 1), andthereforeimagesidenti ed asshellscanalsofall into
othercategoriegthis happensndeedfor 10 out of 12 shellsin the
testsample).

FN casesare shownin Fig. 6 for streamsand mergers. As all
the shellsin the testsampleare correctlyidenti ed by our model,
there are no FN for this catgory. Even for the deeperimages
(right-hand panels),it is dif cult to identify the tidal features,
while the shallowerimages (left-hand panels)are dominatedby
noise. Therefore,it is not surprisingthat the model fails in these
cases.

True Positive shells

r ;
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Figure 5. TP examplef shells,streamsandmergersfrom top to bottom.
Thecut-outshavebeenprocessedsdescribedn Section3.1, butareshown
attheir original sizes(i.e. theyarenot binnedto 69 x 69, whichis theinput

to the CNN), andthe x andy axescorrespondo the numberof pixels. The
information shownin eachcut-outcorrespondgo the redshift, the surface
brightnesdimit (increasingrrom left to right), andthe outputprobability of

themodel,Prigal.
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Figure 6. SameasFig. 5 but for FN exampleof streamsandmergers (top
andbottompanelsyespectively) Note thatthereareno falsenegativeshells
(seeFig. 4). Thefeaturesarehardto detectby eye,soit is not surprisingthat
themodelfails in thesecases.

Figure 7. ROC curvesfor galaxiesat different redshifts,colour codedas
indicatedby thelegend.The grey dashedine showsthe ROC curvefor the
full original sample.Note that thereare no positive casesat z = 0.8, and
themodelcorrectlyclassi esall theimagesat this z asnegatives; hencewe
representhe ROC curveasthe dottedpurpleline.

4.2 Dependencewith redshift

In this section,we reportthe performanceof the modelwhenthe

testsampleis divided into different redshiftbins, which is directly

relatedto the original stampsize (the stampsare then resampled
into 69 x 69 becausehe input to the CNN has xed dimensions,
seedetailsin Sections2 and 3.1). Fig. 7 showsthe ROC curves
asa function of redshift. As expectedthe larger AUC is obtained
in the lower redshiftbin (z = 0.05). However,the dependencen

redshiftis not very strongand not even linear. For example,the

AUC is largerfor z = 0.4 (AUC = 0.81)thanfor z = 0.2 (AUC

= 0.76), probably due to the lower fraction of visual detections
at higher redshifts, which increaseghe overall accurag. This is

evidentfor z = 0.8 (shownas a dottedline), wherethereare no

galaxiesclassi ed as tidal detectionsin the test sample,neither
in the input labels nor by our model, and thereforethe accuracy
is 100percent.
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Figure 8. SameasFig. 7 for imagesat different surfacebrightnesscolour
codedaccordingio thelegend Notethatatpy = 35magarcse€? all images
showtidal featuresandarecorrectlyclassi ed assuchby our model(we plot
theROC curveasthe browndottedline).

4.3 Dependencewith surfacebrightness

Finally, we studythe dependencef the modelperformanceon the
surfacebrightnessof the imagesto be classi ed. Fig. 8 showsthe
ROC curvefor thedifferentp, values.Thelower AUC correspond
totheshalloweiimagegu = 26,27),asexpectedandthebestresults
areobtainedfor i = 30magarcsec?. We showtheROCcurvefor u
= 35magarcsee? asdottedline becausell theimagesrom thetest
sampleareclassi ed astidal detectionspothin theinput catalogue
and by the model (just the oppositeof what happensat z = 0.8).
Surprisingly,the AUC atp = 31magarcsec? is lower (AUC =
0.87)thanat i = 30magarcsec? (AUC = 0.93),andcomparable
to thevaluesobtainedatp = 28 magarcsee?.

To shedmorelight ontheclassi cationef ciency, Fig. 9 showsthe
confusionmatriceggeneratedy settingPy, = 0.31)for threesurface
brightnesdimits (1 = 26,30,31magarcsec?). Theseconfusiorma-
triceshighlightthefactthatthelarge AUC for u = 26magarcsec?
is mainly driven by the ability of the classi er to correctlyidentify
imageswithouttidal detectiong98 percentaccuracyor thenegative
subsample)wvhileit strugglego correctlyclassifythetidal detections
(only 33 percentarerecoveredin this surfacebrightnesgange).On
the otherhand,atp = 31magarcse€?, the contraryhappensthe
modelis ableto correctlyidentify 89 percentof thetidal detections,
at the costof misclasifying35 percentof the non-detectionsAt u
= 30magarcse€?, themodelis ableto correctlyidentify 90 percent
of the tidal detectionswhile keepingthe contamination(i.e. the
numberof FP)at 26 percent.

While this trend could be expectedandis in line with thelarger
fraction of tidal detectionsobtainedin deeperimagesby visual
inspection(seeFig. 2), it couldbe anindicationthatour modelhas,
at leastto someextent,learnedthe signal-to-noiseof theimages:it
tendsto classifydeepetimagesmorefrequentlyastidal detections.
To testthis assumptionFig. 10 showsthe accuracyprecision,and
recall for eachsurfacebrightnesshin, as well as the fraction of
positivesamplegtidal detections)n theinput catalogue.

As re ected by the confusionmatrices the recall (completness)
of the modelis highly dependenbn the depthof the imagesto be
classi ed,goingfromaroundR  0.40atp = 26magarcsee?toR
0.90atu = 31magarcse€?. However, thisis notasclearlyre ected
in theprecision(purity) valuesroughlyconstanandabore P 0.60
at all surfacebrightness.In the sameway, the accuracyis stable
throughoutthe whole magnituderange( 80 percent), indicating
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Figure 9. Confusionmatricesfor three different surfacebrightnessbins:
Wim = 26,30, 31magarcsee€?, from top to bottom. The numberof objects
is reportedin eachqguadrantcolour codedby the fraction of that particular
true class(alsoshownin parenthesis).

that the model has not simply learnedthe signal-to-noiseof the
images.Thefactthatthe accuracydoesnotimprovewith W, even
if therecall(completnessjloes canbeexplainedy alargerfraction
of FP.However, theincreasdn FP doesnot decreaséhe precission
(purity) becaus®f thelargerfractionof tidal detectionsn theinput
catalogueat higher i, (black symbolsin Fig. 10), which together
with the largerrecallincreasethe numberof TP to counterbalance
thelargernumberof FP.
We would like to highlight here againthat the labels usedfor

the shallow sample (u;m < 28magarcsec?) correspondto the
visualclassi cationof theimageswith p = 28magarcseé?, which
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Figure 10. Accuracy(blue),precision(red),andrecall (green)obtainedfor

the test sampleas a function of the images’ surfacebrightnessyjim. The
fraction of tidal detectionsin the input catalogueis shownin black. The
binsat wim = 26,27 magarcse€? areplottedasemptycirclesto highlight
the fact that they are not part of the original samplefrom M22; the labels
usedfor trainingandtestingarethe onesfor their correspondingmagesat

= 28magarcsec?.

explainsthedropin completeness this surfacebrightnessegime.
Indeed,it is remarkablehatour modelis ableto recorer 40 percent
of theimageswith tidal detectionsgvenwhenthe imagesare two
ordersof magnitudeshallowerthatthe onesusedfor labelling. This
isin agreementvith recentresultssuggestinghatCNNstrainedwith
‘intrinsic’ groundtruth canrecover astronomicafeatureshiddento
the humaneye (seee.g.Vega-Ferreretal. 2021). This resultcould
havea largeimpacton the designstrategyof future surveys.

We emphasizethat redshift and surface brightnesslimits are
intertwinedin the currentanalysis.Unfortunately,the test sample
sizeis too smallto examinethe trendsat eachp i, limit separately,
at xed redshift(or viceversa).

5 APPLICATION TO REAL HSC-SSPDATA

Our modelsare trained in HSC-like mock images.Therefore, it
is importantto testthe performanceof the algorithmin real data
with similar characteristicdo the training data set. We thus use
imagesfrom the HSC-SSPsuney (Hyper Suprime-CamSubaru
Stratgyic Surwey) Wide layerAiharaetal. 2018a b. The HSC Wide
layer covers the largeston-sky areaat a relatively shallow depth
(i 26) relativeto the DeepandUltraDeepLayers(i 27 and 28,
respectively).

In particular,we haveappliedour modelsto theHSC-SSHmages
presentedn Kado-Fonget al. (2018. Theseare 21000 galaxies
from the internal datareleaseS16A, with spectroscopiaedshifts
from SDSSat 0.05 <z < 0.45. Kado-Fonget al. (2018 useda
Itering algorithmto identify tidal features,combinedwith visual
classi cationof thefeaturegetectedy such Itering, resultingin a
sampleof 1200tidal featuredetectionsOur rst approacho this
work wasto usethe labelsfrom Kado-Fonget al. (2018 sampleto
trainthealgorithmfor tidal streamidenti cation, butafterexhaustive
testing,theresultswerenotgoodenough(F1= 0.37),mostlydueto
the smallcompletenesachievediy themodels(R = 0.26).

As previouslyexploredn thecontextof tidal featureclassi cation
of mockimages(Section2.2), onesourceof signi cant label noise
is the reliability of visualinspectionitself. Visual inspectionof the
full sampleby three professionakstronomergl.D., H.S.,O.K.L.)
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provideda new classi cation, which revealedthat only 1/4 of the
galaxiesshowingtidal featuresaccordingto the Itering algorithm
wereclassi ed assuchby all visual classi ers. We believethatthe
combinationof noisylabels,smallpositivetrainingsample andlow
surfacebrightnessfeaturesto be detectedimited the performance
of the algorithm. This was the main reasonwhy we decidedto
use the HSC-like mock imagesfor training the CNN. We note
that the original classi cation by Kado-Fonget al. (2018 used
both the imagesand the output of the ltering algorithmin order
to detectfeaturescloseto the host galaxy, so it is expectedthat
the re-classi cationof the imagesalonewould yield a lower tidal
featuredetectionrate.Onthe otherhand,asthe original Kado-Fong
etal. (2018 samplefocusedon the comparisorof the propertiesof
streamandshellhosts thevisualinspectionwasperformedonly for
theimageswherea tidal detectionwasidenti ed by their Itering
algorithm,meaninghatthecompletenessf thesamplds uncertain.

It is well known that deeplearningmodelsare sensitiveto the
characteristicof the training sample,and thesetechniquessuch
as transferlearning (e.g. Dom'nguez Sanchezet al. 2019 should
be usedfor optimizingmodelstrainedon differentdatasetsthanthe
targetsampleWe attemptedwithoutsuccesgp usetransfedearning
to ne tunethe modelson real HSC-datamaking exhaustiwe tests
on the numberof layersto be trained,the learningrate, etc. The
bestresultwe obtainedis AUC = 0.64, andthe outputvaluesare
concentratetbwardsthelowerend(Priga < 0.7).Thesepoorresults
emphasizehe strongdependencef the modelperformanceon the
datathey aretrainedwith andwarnsus againstcarelesslyapplying
modelsto differentdatadomains.t alsosuggesthatmockimages
from simulationsarenot asrealisticaswe might haveexpected.

A possibleexplanationfor the bad performancecould be the
differencesin the way the mock imageswere createdcompared
to real HSC data.For example the angularresolutionof the HSC-
mock imagesis poorer(1arcsecversus0.167 for real HSC-SSP).
In addition,the simulatedimagesdo not includereal backgrounds,
processing@rtifacts,contaminatingourcespr sky subtractiorresid-
uals. This may compromisethe model's ability to assesseal data,
as alreadydiscussedn Bottrell et al. (20193. The morphologi-
cal classi cation of TNG simulatedimagespresentedn Huertas-
Companyetal. (2019 wassigni cantly improvedby addingrealism
to thesimulatedmagesUnfortunatelyaddingrealismto theimages
could changethe visual classi cation usedas ‘ground truth’: some
featurescould becomeundetectablein the presenceof brighter
objects. Therefore, training the CNN, with more realistic mock
imagesandnew labels,is beyondthe scopeof the currentanalysis.
We will investigatethesepossibleimprovementsn theforthcoming
studies.

Thereasonwhy transfedearningmight not solvethedomainshift
could bethe fact thatthe p;m in the simulatedimagesis not xed.
This implies that the model needsto transferfrom many sparsely
sampleddomainsto another,jnsteadof transferringfrom onewell-
sampleddomainto another.Intuitively, the former may be harder.
Another aspectwhich could have a signi cant effect is the small
parentsampleof galaxiesusedto producethe simulations,based
on 36 galaxiesonly that may not representhe diversity of real
galaxy populations . Sincethe observedsampleis ux limited and
the simulatedsampleis volume limited, the former shouldhavea
atter massdistributionwith more massivegalaxies.Also, the real
datahave continuousredshiftdistribution, while the mock images
are simulatedin ve redshiftbins. All thesedifferencescombine
togetherandit is not possibleto investigateeachaspectseparately
with the currentsample Thus,we cannotpinpointthe propertythat
is the main causeof the poormodelperformancecrossdomains.
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6 SUMMARY AND CONCLUSIVE REMARKS

Tidal interactionsareexpectedo play a critical role in galaxymass
assemblyandewlution, but their low surfacebrightnessmakethese
featuredif cult to detect Automatedmethoddor theidenti cation
and classi cations of tidal featureswill be compulsoryfor the
analysisof largeupcomingsuneys suchasLSST or Euclid.

In thiswork, we takeadvantagef thecatalogugresentedn M22
thatprovidegidal featureclassi cationsby professionafstronomers
for asampleof 6000galaxyimagesfrom theNewHorizonsimula-
tions. This constituteghe largestcatalogueof visualidenti cations
of tidal featuresup to date.The galaxiesare simulatedat different
evolutionarytimes and redshifts,and HSC-like mock imageswith
differentsurfacebrightnesdimits (U, = 28—35magarcse€?) were
visually inspecteddy a varyingnumberof professionabstronomers
(rangingfrom 2 to 6).

We usea CNN to train a supervisedleeplearningbinary model
which aims to reproducehumanvisual identi cation of galaxies
with tidal features.For this, we have labelled as positivesall the
imagesfor which atidal featurewasidenti ed by all theclassi ers,
regardlessof the tidal featurecategory(Fiqa > 1, as detailedin
Section3.2) andasnegative thosewith no tidal identi cation (Fyqal
= 0). Wedonotusegalaxiesor whichthepresencef atidal feature
wasuncertain(disagreemenetweenrclassi ers).In additionto the
original sample we havecreatedshallowerimages moresimilar to
currentavailableobsenations at i = 26,27 magarcsec?. These
imageswerenot classi ed in M22, andwe usetheir corresponding
labelsat i, = 28magarcse€? asgroundtruth. We remarkthefact
that, sincethe visual classi cationsare usedas input label to the
model,anybiaspresenin humanclassi cationwould be passedn
to thedeeplearningalgorithm(see for example howthefractionof
tidal detectionslepend®ntheimagepropertiesn Fig. 2). Ourmain
conclusionsre:

(i) The deeplearning model is successfulin reproducingthe
humanidenti cation of imageswith tidal featuresn the HSC-mock
images,reachingaccuracy,precision,and recall valuesof Acc =
0.84,P = 0.72,andR = 0.85for the original testsample usingthe
optimalthreshold Py, = 0.31,to selectpositivecasef tidals.

(ii) Theresultsaresurprisinglysimilarin termsof globalaccuracy
andpurity (Acc = 0.85,P = 0.71)whentheshallowertestsample
isincluded eventhoughthesenumbersaarecomputectorresponding
to thelabelling of imagesoneor two ordersof magnitudedeeper.

(iii) The completenessf the modelfor the original + shallow
testsampleis smallerthan for the original one (R = 0.75versus
0.85).Thereis indeeda cleardependencef theability of themodel
to recover tidal featureswith respecto the imagedepth:while for
Wim > 30magarcse€? around90 percentof the tidal featuresare
recovered,this quantity dropsbelow 50 percentfor pm < 28mag
arcsec? (seeFigs9, 10).

(iv) The accuracyand purity are roughly constantat all surface
brightness hencewe concludethat the model is not learningthe
signal-to-noiseof the images,althoughit is evidentthatit impacts
the classi cationperformancemostly in termsof completenesss
expected.

(v) Thetrendwith redshiftis not soevident,with thelargerAUC
valuesobtainedat redshiftbinsz = 0.05and0.4. The decreas®f
the fraction of visually identi ed tidal featuresat higher redshifts
may explainthis non-intuitiveresult(the modelis ableto correctly
recover thetrue negatives).

(vi) Tidal streamsandshellsarethe categorieseasierto identify
by the model,with TPR = 1 and 0.87, respectively.On the other
hand,mergers andtails reachonly TPR= 0.68,0.69,respectively.
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(vii) When applied to real HSC images with
Wim = 26magarcse€?, the performanceis signi cantly worse
than on the simulatedimages(AUC = 0.69), evenwhen transfer
learning is applied. This is probably relatedto the fact that the
simulatedmagesarenot extremelyrealistic:theyhavelower spatial
resolutionthanrealimages,anddo not includebackgrounceffects.
Besidesthey spanover a wide Wi, range,do not havea uniform
redshift coverage,and may not include examplesof all observed
morphologicatypesand/orfeatures.

Theresultgpresenteéh thiswork represenanimportantstepin the
developmenof automatedidal featuredetectiortechniquesevenif
the performanceis lower than thosefound in other astronomical
classi cation tasks like separatingelliptical from disc galaxies
(reachingaccuracyabove 97 percent). Tidal feature detectionis
a dif cult task, given the low surface brightnessof the subtle
structureghatwe wish to detect An additionallimitation is thelack
of a large, homogeneouslypbservedtraining samplewith certain
classi cations.

Onealternativevouldbeto us€‘intrinsic’ labelsfrom simulations,
derivedfrom dynamicsor mergertrees.The disadvantag®f such
labellingis thatobservationdimitationsmaynotalwayssupporthe
classi cationof animagein accordancevith itsintrinsicclassin this
work, the training datais assembledrom humanlabels.Labelling
tidal featuresvia visual inspectionis not trivial andthe imagepre-
processindhasa signi cant impact. In addition, classi erstendto
disagreawith eachotherquite often,asshownin M22. Biasesin the
identi cation of interactinggalaxiesby visual classi cationshave
alsobeenreportedn Blumenthaletal. (2020. Thereforejt maynot
evenbe possibleto achievean accuracysimilar to elliptical/spiral
separatiordueto the muchgreaterambiguityof the classi cations.

Weareawareof somemportanteffortsof thescienti c community
towardsbuilding large and robustsamplesof tidal identi cations,
such as the detailed annotationspresentedn Sola et al. (2022,
B’lek etal. (2020, or the on-goingtidal streamsurey by Martinez-
Delgadoetal. (2021, whichwill certainlyhelpto construciarobust
training sampleto improve the algorithmsfor automatedietection.
Approachessuchas domainadaptatior(éiprijanovié etal. 2022,
the useof unsupervisedearning(e.g.Chengetal. 2021, Sarmiento
et al. 2021), or one-shotlearning(Chenet al. 2019 could help to
overcomethe lack of positive training samplescurrently available,
butwe leavetheseapproache$or theforthcominganalysis.

Thepooremerformancef ourtidalidenti cation modelin thereal
HSC-SSRmagesmphasizethelargedependencef deeplearning
algorithmson the datathey are trainedwith. As alreadynotedin
Bottrell etal. (20193, Huertas-Compangtal. (2019, Ciprijanovié
et al. (2022, the importanceof using realistic simulations for
trainingthemodelsjncludingbackgroundrealnoise andartifactss
fundamentalo achievingobustresultswith realdata.Thisshouldbe
takenasawarningagainsepplyingdeepearningmodelsto different
datadomainswithout previouslyassessingheir performancen the
newdomain.

Ourresultsalsohighlighttheneedor deepsuneysin orderto con-
structcompletesamplesof galaxiesshowingtidal interactions Our
predictionsmply thatwe needimageswith p;i, > 30magarcsee?
to achievecompletenesabove60 per cent,althoughgiventhe non-
representativesampleusedfor the statisticalanalysispresentedn
this work our currentresultis only suggestiveof this requirement.
For example,asalreadynotedin Bottrell etal. (20199 andBickley
et al. (202)), for rare objectsamongstlarge datasets(suchasthe
upcomingLSST) the precision,largely dependenbn the assumed
fraction of positiveinstancesis paramountOnecouldincreasehe
completenesBy usinglargervalueof Py, evenif thatwoulddecrease
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thepurity,andcomplemenitt with visualinspectiorof amuchsmaller
sampleof galaxies.

The challengedacing the automateddetectionof tidal features
shouldnot preventus from that endeaour. The scienti ¢ returnof
largesamplesf galaxiesshowingtidal featuress huge.The detec-
tion and characterizatiorof thesefaint tidal remnants- including
measurementsf their abundancewidth, andshapes/morphology
probetherecentmergeractivity, disruptionmechanismsandgalaxy
massassembly.Furthermore the characteristicof observedtidal
featurescan constrainthe global propertiesof the stellarand dark
matter haloes(Johnstonet al. 1999 SandersonHelmi & Hogg
2015 Bovy et al. 2016 Pearsoret al. 2022, and, consequentlya
complementarwaytotestingcosmologicahnddarkmattertheories.
Theseare,indeed,someof the scienti ¢ objectivesof the recently
approed F-ESA missionARRAKIHS® (P.I. R Guzman), that will
image50deg of theskyperyeardownto anunprecedentedltra-low
surfacebrightnessn visible infraredbands(31 and30magarcse¢?,
respectively) Thefutureof scienti ¢ analysishasedntidal features
is bright and promising,and this work undoubtedlyrepresentsan
importantstepforward towardsunderstandinghe requirementf
anoptimalautomateddenti cation of suchpowerfulingredientfor
galaxyevolutionandcosmologicaktudies.
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The catalogueusedin this article comesfrom the analysisof M22.
The codeusedfor the deeplearningalgorithmwill be sharedupon
request.
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