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Radio surveys

 Need to separate SFGs from AGNSs.

e A lot of effort from experts in
LOFAR Deep Fields.

e Can we use machine learning to
reproduce this classification?




Radio surveys
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3 LOFAR deep fields:

® FLAIS-N1
® Bootes
® | ockman Hole

Radio data from
LOFAR (150 MHz)

[1] Best, P. N., Kondapally, R., Williams, W. L., et al. 2023

Data

LOFAR deep fields
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Data

Additional data

® Flux densities from the UV to the FIR (and radio) -> Sometimes
different filters in each fields.

® Redshifts.

® C(Classifications derived from SED analysis (AGN vs SFG).



Data

LOFAR deep fields
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Methods

Supervised Machine Learning

Why machine learning?

® No need for tedious classification from experts.
® Can reproduce expert’s classification.
® Quickly classify different datasets.

Our approach

® Focus on binary classification (AGN vs SFG).
® Not enough data for 4-class classification.



Methods

LightGBM

® Supervised ML method.

® Based on decision trees.

® Automatic missing value handling.
® Bayesian optimisation.

Trained on LOFAR deep fields.

Iterations



Methods

Metrics
. 1P Co .
Precision: P=——— (Reliability)
1P+ FP
Recall: R il (Completness)
ecall: = — .
TP + FN P TP: True Positives
) FP: False Positives

F1-score: - .
r R-1 4 p-1 FN: False Negatives



Results

Binary classification

Performance on LOFAR deep fields
All data

0.04+0.01 P R F1-score

SFG 92% 96% 94%
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Results
Binary classification

Performance on LOFAR deep fields

Bootes Lockman Hole

IRSEEJONIEN 0.00+0.01 mIRLR40NIEN 0.04+0.01 pueRyEJINNEN 0.03+0.01

0.20£0.02 peR:VE<{0NpaR: 0.21+0.02 pOWEAEINPAR 0.23+0.02 BONWFELIN0P.
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Results

Feature relevance
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Results

Dependance on sample size

—— Total

— AGN

—+— Precision
Recall




Results

Dependance on SED sampling

P(SFG) R (SFG) R (AGN) | F1-score

NUV, U, grippy, J, H, K, ch1-ch4,
MIPS, PACS, SPIRE

95% 89% 83% 83%

NUV, U, grizy, J, H, K, MIPS, PACS,
SPIRE

94% 87% 81% 80%

NUV, U, grizy, J, H, K, 150 MHz 94% 84% T7% 76%

grizy 94% 79% 1% 66%




Results

Dependance on signal-to-nosie

Precision
Recall

Precision

Recall
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Conclusions
® Supervised LightGBM model can classify AGN vs SFG.

® SED sampling important for performance.
® Higher S/N for some bands results in better performance.
® 1.4 GHz radio data can also be used

[m] 3% [m]
® Model available at https://github.com/Jesper-Karsten/M I"r"]:l:r !F.',.ﬂ
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https://github.com/Jesper-Karsten/MBASC

Thank you!

= B.Margalef.Bentabol@sron.nl
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