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LOTSS
LOFAR TWO-METRE SKY SURVEY
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1123333844824 3
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@201
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) :IZEIC?Ez( 2% LoTSS  |3h and Oh fields
524 deg’ (27 LoTS)) + 5700 deg? (27% LoTSS)
58 pointings

Radio sources: 4.3M
in prep
Status of DR2 (observations + LGZ)

Radio sources: 318542

Optical counterparts: 71% of the
radio sources (PanSTARSS,WISE),
Williams et al., 2019
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LOTSS'DR I LIKELIHOOD RATIO TECHNIQUE

&
CROSS-IDENTIFICATION VISUAL ANALYSIS
WILLIAMS ET AL, 2019 “FLOWCHART”
ONE BIG DECISION TREE LOFAR GALAZY ZOO

+  WISE (IR W1 band)
LOFAR radio (150 MHz)  x PANSTRARRS (optical, r
FIRST radio (1.4-GHz) band)

RADIO PYBDSF SOURCES

\ \ / - MULTIPLE RADIO COMPONENTS
- EXTENDED EMISSION
SUITABLE FOR STATISTICAL NOT SUITABLE FOR - BLENDED
CROSS-MATCH STATISTICAL ANALYSIS 4



LOTSS-DRI

CROSS-IDENTIFICATION

- KEEP VISUAL
INSPECTION LOW

- KEEP NUMBER OF

SOURCES WRONGLY
ACCEPTED BY LR
LOW USE THE
CHARACTERISTICS
OF THE SOURCES
PYBDSF SOURCES AS INPUT
FEATURES
Suitable  Need visual  Artefacts
for LR inspection
‘ -
LR 295364 294129 1096 139 MACHINE
1.GZ K432 3143 5051 238 LEARNING
Prefilter 21099 10079 9604 1416 |
Artefacts 799 1 N/A 798

Total 325694 307352 15751 2591 S




MACHINE LEARNING
DATASET CREATION

e Number of sources in class O:

15751
 Number of sources in Class I:
307352
 Pybdsf sources that * PyBDSF sources that e Exclude the artefacts: 2591
were not associated were associated with
with other PyBDSF other sources in *
sources LGZ
« were not deblended e deblended into more
e sources for which LR than one source *
gave correct optical ID * LR obtained

(or correctly lack of ID) incorrect |D



MACHINE LEARNING

2.24 013 017

Bascline (BL) | Accept LR
Mayj } Visua analysis .
Min 0.19 0.11 D.14
Total _Flux
Peak Flux >n 14 008 010
log_n_gauss = - o o
o)
_ n S
Likelihood Ratie (LLR) L; 2.10 0.05 0.07
Ir 17
Ir_dist
G.05 0.03 0.035
Gaussian properties (GALS)
£auss_maj A
- .- Py an | | -~ =
ganss_min =.00 " 2 2.00 C X i 0.co 0 _ 2 o3
s flux ratio 10 10 10 10 10 "0 10 10 10
Sames e Major axs [arcsec) Distance ¢ the NN [arcsec) lolal Flux [mdy)
log_gauss_Ir_tlv
g_“l\.\““ __L’l\l 0.91 - 1.0D 1 0.09
log_highest_Ir_th
Nearest Neighbours (NN) C.2% 0.0 0.C7
NN 45
NIN_dist Z0.18 0.80 0.05
NN _flux_ratio A
log NN_Ir_tly _;3
NN _Ir_dist a 0.12 0.40 0.04
u.uB 0.20 0.02
2.00 — - - 0.0D : - 0.0

-d ) N -1

10 10° 10 10 10 10" 10 10’ 10
Minor axis [arcsec] Flux gavssian ! Flux scurce Sistance of the NN LR match [arcsec)



METHOD - SUPERVISED ML

—

— RANDOM
Bagging — decisiontreed fit{Subrset1) decisiontrec? fit{Subset2) decisiontre .l, fit{Subset ) FOREST

- (Tatoser)
L L 1
decislontree fit{Subsesl) decls ontree fit(Subset?) decislzatree_n fit(Subset n)

——— r 1 ] GRADIENT BOOSTING CLASSIFIER

gaming from mistake earn'ng from mistake
Agiusied Calased et 2

Hyperparameters Search values Best GBC =
a'b.
lcarning_rate 0.001, 0.01, 0.05,0.1,0.5, 1 0.01 ke
n_cstimators 100, 250, 500, 1000 500 .
max_dcpth range (1, 11, steps = 1) 8
subsample range (0.05, 1.01, steps = 0.03) 0.15
min_samplcs_split‘ range (2, 21, steps = 1) 12 0\’;, ‘Q 0“;’.\1 oQ
min_samples_leaf range (1, 21, steps = 1) 5 VL9204

max_features range (0.05, 1.01, steps = 0.05) 0.6




RESULTS

test train -
Major axis [
Distance to the NN | AR

Total iux

Accuracy 0.9460  0.9590

Fl-score 1 0.9452  (.9582 Minor axis |
Fl-score 0  0.9468 (.9597 Gaussian flux ratio
LR distance NN
log LR tiv |
NN within 45 arcsec | NG—_—_—
 Train vs test performance: avoid Gaussian major axis. | N
over'ﬁtting log Nr of Gaussians | ENEG_G_—_
. NN fl ti
* Fl-score: performance on the different wxratio. I

LR distance | EEN

classes Gaussian minor axis || EGD
Peak flux [N
e 96.4% of the sources that need visual log NN LR tiv |l
inspection are sent to LGZ (but a log highest LR tiv. [l

log gauss LR tiv |}

different component of the same source |
Gauss LR distance ||}

may be sent to visual inspection)

0.C 0.2 0.4 0.5 0.8 1.0
l Average impact on model output

Apply corrections



FALSE POSITIVES
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RESULTS

'
—
> ) confusion matrix, tlv=0.18
L Thresholds
- —1.0 -10
-‘(B
o -1.5 '
s -0.8
o e 295537 11815
>, 20 ."‘-.. -
O o (294129)
- o_. \,\. _ 0 6
c =25 X &
= . =
N - —
$ 3.0 Y
5
C -3.5
& 0.9 N 801 14950
S - 0.2 O
c -4.0 2
2
@ ~4.5 , ' - 0.0 /
= 0 1 3 4
LR LGZ
8 LGZ scale up factor /

Predicted



SUMMARY

& WORK IN PROGRESS

- _ LOFAR TEAM
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ML DL )

4.0 1 gt :

910 JRIOAV CLASSIFER TesT Acc
& 500 Lukic, 2018 E9,00%
> ‘ ]

2 geol " ALIASSAN, 2018 E9,00%
= A
g s ANINAN, 2017 51,40%
Q0
TRAINING
80! | VALDATION ANIvan, 2017 o, _A48%
& METADATA

C 20 40 oU 80 10U
NUNBZR OF EPOCHS
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