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Multi-Messenger Astronomy

[J. A. Aguilar, J. Yang, and S. Bravo (IceCube/WIPAC)]
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https://icecube.wisc.edu/news/view/455


Imaging Atmospheric Cherenkov Telescopes (IACTs)

𝛾-ray entering the atmosphere

Pool of Cherenkov light

Extensive Air Shower (EAS)

Snapshot in camera frame

[A. Knierim]
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The Cherenkov Telescope Array

CTA South (Paranal Observatory, Chile)

CTA North (La Palma)

4 LSTs + 9MSTs

Large-Sized Telescope (LST)

23mmirror diameter
4.3° FoV

Medium-Sized Telescope (MST)

11.5mmirror diameter
7.7° FoV

[CTAO]
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https://www.cta-observatory.org/about/array-locations/la-palma/


Dataprocessing using ctapipe

Pixel 42
Pixel 314

R0
Calibration

R1

Pixel 42
Pixel 314

Data Volume Reduction

DL0

Pixel 314

Pulse

Extraction

Image Cleaning DL1a

Parametrization
DL1b

event width length … intensity
0 0.15 0.52 … 1253.1
2 0.05 0.12 … 321.3
5 0.08 0.19 … 512.7

ReconstructionDL2

event energy gammaness ra dec time
0 1500 0.82 83.6 22.1 59024.63123
2 400 0.73 83.5 21.9 59024.64183
5 680 0.92 83.7 22.0 59024.67093

# Photons Time / ns

# Photons Time / ns

[A. Knierim,M. Linhoff]
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The disp Method

Monoscopic origin reconstruction for IACTs

Assumemain shower axis to be correctly
reconstructed →source position on axis

Train regressor to estimate distance from image
center of gravity (|disp|/ norm)

Train classifier to decide between remaining two
possibilities (sign)

[Max Noethe, PhD thesis]
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https://github.com/maxnoe/phd_thesis


Scaled Parameters and Feature Selection
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Scaled parameters

Compare image length (𝑙) and width (𝑤) with expectation value and variance from simulations as function of image
charge (𝑞), impact distance (𝑑), and telescope type (𝑡):

𝑆𝐿 =
𝑙(𝑞, 𝑑, 𝑡) − ⟨𝑙(𝑞, 𝑑, 𝑡)⟩

𝜎𝑙(𝑞, 𝑑, 𝑡)
𝑆𝑊 =

𝑤(𝑞, 𝑑, 𝑡) − ⟨𝑤(𝑞, 𝑑, 𝑡)⟩
𝜎𝑤(𝑞, 𝑑, 𝑡)

Easy combination for stereo observations:

𝑀𝑆𝐿 =
∑tels 𝑆𝐿

√𝑛tels
𝑀𝑆𝑊 =

∑tels 𝑆𝑊

√𝑛tels

6 4 2 0 2 4 6
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MRMR feature selection – Energy
At each iteration 𝑖 compute 𝑠𝑐𝑜𝑟𝑒𝑖 for all 𝑓 not
yet selected

𝑠𝑐𝑜𝑟𝑒𝑖(𝑓) =
𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 (𝑓 | target)

𝑟𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦 (𝑓 | 𝑓already selected)

and add the feature with the highest score.

Energy features (15)

- peak_time_std
- intensity_std
- timing_deviation
- hillas_length
- concentration_pixel
- leakage_intensity_width_2
- log_abs_timing_slope
- area
- concentration_cog
- log_tel_impact_distance
- hillas_width
- log_intensity
- morphology_n_pixels
- HillasReconstructor_h_max
- leakage_pixels_width_2 0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5

F-test score 1e6

scaled_width
hillas_skewness

timing_slope
HillasReconstructor_tel_impact_distance

peak_time_skewness
hillas_kurtosis

concentration_core
morphology_n_islands

peak_time_kurtosis
hillas_intensity

leakage_intensity_width_2
scaled_length
intensity_max

hillas_r
intensity_std

intensity_skewness
intensity_kurtosis

intensity_mean
HillasReconstructor_average_intensity

HillasReconstructor_h_max
leakage_pixels_width_2

morphology_n_pixels
log_tel_impact_distance

hillas_width
log_intensity

log_abs_timing_slope
concentration_cog

concentration_pixel
area

timing_deviation
hillas_length

peak_time_std

0.54
6.06
42.28
849.31
2194.32
8404.79
18354.10
36223.40
51576.19
77735.32
93502.74
112180.28
114381.35
114660.09
120741.48
122252.67
124855.69
138842.56

214946.69
271483.45

432872.86
530883.28

741650.31
934118.53
937321.13

1038886.85
1145216.50

1224095.05
1276927.52

1926169.23
2346683.78

3184744.41

L. Beiske | December 16, 2022 Scaled Parameters and Feature Selection 10



MRMR feature selection – Particle Id
At each iteration 𝑖 compute 𝑠𝑐𝑜𝑟𝑒𝑖 for all 𝑓 not
yet selected

𝑠𝑐𝑜𝑟𝑒𝑖(𝑓) =
𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 (𝑓 | target)

𝑟𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦 (𝑓 | 𝑓already selected)

and add the feature with the highest score.

Particle Id features (15)

- scaled_width
- HillasReconstructor_h_max
- log_tel_impact_distance
- hillas_width
- morphology_n_islands
- timing_deviation
- area
- scaled_length
- RandomForestRegressor_energy
- log_RandomForestRegressor_energy
- leakage_pixels_width_2
- hillas_length
- peak_time_kurtosis
- RandomForestRegressor_tel_energy
- morphology_n_pixels 0 50000 100000 150000 200000 250000 300000 350000 400000

F-test score

hillas_skewness
timing_slope

HillasReconstructor_tel_impact_distance
peak_time_skewness

concentration_pixel
intensity_max

hillas_r
hillas_kurtosis

intensity_mean
intensity_std

hillas_intensity
log_RandomForestRegressor_tel_energy

intensity_skewness
HillasReconstructor_average_intensity

log_intensity
concentration_core

peak_time_std
peak_time_kurtosis

leakage_intensity_width_2
intensity_kurtosis

log_abs_timing_slope
log_tel_impact_distance

concentration_cog
leakage_pixels_width_2

HillasReconstructor_h_max
morphology_n_pixels

RandomForestRegressor_tel_energy
log_RandomForestRegressor_energy

RandomForestRegressor_energy
hillas_length

scaled_length
area

morphology_n_islands
timing_deviation

hillas_width
scaled_width

0.14
2.23
14.35
48.63
66.22
81.78
245.68
262.44
1015.68
1441.63
1819.92
3912.96
3933.72
4437.07
5464.32
5818.17
5836.81
5901.59
6386.02
7138.11

14666.30
15403.86
17902.32
20700.08
21919.30
22912.03
24490.29
25832.13
27238.81
32163.32

49410.90
145176.59

162477.95
192426.30

267309.59
363938.68
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MRMR feature selection – disp

At each iteration 𝑖 compute 𝑠𝑐𝑜𝑟𝑒𝑖 for all 𝑓 not
yet selected

𝑠𝑐𝑜𝑟𝑒𝑖(𝑓) =
𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 (𝑓 | target)

𝑟𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦 (𝑓 | 𝑓already selected)

and add the feature with the highest score.

disp features (19)

- log_RandomForestRegressor_energy
- log_tel_impact_distance
- log_RandomForestRegressor_tel_energy
- log_abs_timing_slope
- peak_time_std
- concentration_pixel
- hillas_length
- concentration_cog
- timing_deviation
- scaled_length
- HillasReconstructor_h_max
- RandomForestRegressor_energy
- area
- peak_time_kurtosis
- RandomForestRegressor_tel_energy
- timing_slope
- hillas_skewness
- HillasReconstructor_core_x
- HillasReconstructor_core_y

|disp| regressor

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
F-test score 1e6

hillas_skewness
HillasReconstructor_core_y
HillasReconstructor_core_x

intensity_kurtosis
timing_slope

intensity_max
intensity_std

HillasReconstructor_tel_impact_distance
intensity_skewness

scaled_width
peak_time_skewness

hillas_intensity
intensity_mean

hillas_r
concentration_core

HillasReconstructor_average_intensity
morphology_n_islands

hillas_kurtosis
leakage_pixels_width_2

log_intensity
leakage_intensity_width_2

morphology_n_pixels
hillas_width

peak_time_kurtosis
HillasReconstructor_h_max

RandomForestRegressor_tel_energy
RandomForestRegressor_energy

scaled_length
area

timing_deviation
concentration_cog

concentration_pixel
hillas_length

log_abs_timing_slope
log_tel_impact_distance

peak_time_std
log_RandomForestRegressor_tel_energy

log_RandomForestRegressor_energy

1.95
3.31
11.64
22.06
107.60
308.05
2157.18
3087.65
3102.26
3243.19
3930.43
4370.59
4384.77
12537.98
14994.98
31050.63
60015.59
84082.91
106577.79
120911.81
121558.44
135815.19
148930.16
161319.97

326196.57
350313.67
374598.53

433316.22
454800.33

835067.64
990183.36
1026117.86

1165221.40
1606867.66

1864621.34
1952585.03

2879316.50
3106076.57

L. Beiske | December 16, 2022 Scaled Parameters and Feature Selection 12



MRMR feature selection – disp

At each iteration 𝑖 compute 𝑠𝑐𝑜𝑟𝑒𝑖 for all 𝑓 not
yet selected

𝑠𝑐𝑜𝑟𝑒𝑖(𝑓) =
𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 (𝑓 | target)

𝑟𝑒𝑑𝑢𝑛𝑑𝑎𝑛𝑐𝑦 (𝑓 | 𝑓already selected)

and add the feature with the highest score.

disp features (19)

- log_RandomForestRegressor_energy
- log_tel_impact_distance
- log_RandomForestRegressor_tel_energy
- log_abs_timing_slope
- peak_time_std
- concentration_pixel
- hillas_length
- concentration_cog
- timing_deviation
- scaled_length
- HillasReconstructor_h_max
- RandomForestRegressor_energy
- area
- peak_time_kurtosis
- RandomForestRegressor_tel_energy
- timing_slope
- hillas_skewness
- HillasReconstructor_core_x
- HillasReconstructor_core_y

sign classifier

0.0 0.2 0.4 0.6 0.8 1.0 1.2 1.4
F-test score 1e6

intensity_skewness
intensity_max

concentration_core
peak_time_skewness

intensity_kurtosis
intensity_mean

morphology_n_pixels
hillas_kurtosis

hillas_intensity
peak_time_kurtosis

log_intensity
morphology_n_islands

HillasReconstructor_tel_impact_distance
scaled_length

HillasReconstructor_h_max
hillas_length

area
hillas_width

HillasReconstructor_core_x
scaled_width

leakage_intensity_width_2
leakage_pixels_width_2

HillasReconstructor_average_intensity
concentration_cog

log_RandomForestRegressor_energy
concentration_pixel

peak_time_std
log_RandomForestRegressor_tel_energy

timing_deviation
RandomForestRegressor_energy

log_abs_timing_slope
hillas_r

RandomForestRegressor_tel_energy
log_tel_impact_distance

HillasReconstructor_core_y
hillas_skewness

timing_slope

0.01
0.01
0.04
0.10
0.12
0.16
0.31
0.31
0.65
0.87
1.48
1.59
2.09
2.72
2.87
3.94
4.09
4.87
5.22
6.70
7.05
7.44
9.76
14.03
15.97
18.23
19.27
19.72
22.89
23.97
24.41
28.75
30.25
68.37
172.08

505159.15
1203724.83

L. Beiske | December 16, 2022 Scaled Parameters and Feature Selection 12



Concept

Image Parameters

ctapipe DL2

Array-wide Parameters

Array models

Hillas

Timing

Scaled

EnergyRegressor

Energy

ParticleClassifier Gammaness

DispReconstructor Alt, Az

Mean Scaled

HillasReconstructor

Energy

Particle

Origin
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Energy Regression
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Energy Regression (Telescope)

Randomized hyperparameter optimization yields:

Configuration energy regressor

EnergyRegressor:
model_cls: RandomForestRegressor
model_config:

n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

5-fold cross-validation:

551635 LST events

1199782MST events
10−2 10−1 100 101 102

Etrue /TeV

10−3

10−2

10−1

100

101

102

(E
es

t
/
E

tr
u

e
)

Energy confusion for LST (R2 = 0.8158± 0.0084)

100

101

102

103
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Energy Regression (Telescope)

Randomized hyperparameter optimization yields:

Configuration energy regressor

EnergyRegressor:
model_cls: RandomForestRegressor
model_config:

n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

5-fold cross-validation:

551635 LST events

1199782MST events
10−2 10−1 100 101 102

Etrue /TeV

10−3

10−2

10−1

100

101

102

(E
es

t
/
E

tr
u

e
)

Energy confusion for MST (R2 = 0.8641± 0.0044)
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101
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Energy Regression (Telescope)

Randomized hyperparameter optimization yields:

Configuration energy regressor

EnergyRegressor:
model_cls: RandomForestRegressor
model_config:

n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

5-fold cross-validation:

551635 LST events

1199782MST events
0.0 0.2 0.4 0.6

feature importance

concentration cog

leakage intensity width 2

area

hillas length

hillas width

intensity std

concentration pixel

leakage pixels width 2

HillasReconstructor h max

log tel impact distance

log intensity

morphology n pixels

timing deviation

log abs timing slope

peak time std

Feature Importance for LST
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Energy Regression (Telescope)

Randomized hyperparameter optimization yields:

Configuration energy regressor

EnergyRegressor:
model_cls: RandomForestRegressor
model_config:

n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

5-fold cross-validation:

551635 LST events

1199782MST events
0.0 0.2 0.4 0.6 0.8

feature importance

concentration cog

leakage intensity width 2

hillas length

concentration pixel

HillasReconstructor h max

leakage pixels width 2

hillas width

intensity std

area

log tel impact distance

timing deviation

log intensity

morphology n pixels

log abs timing slope

peak time std

Feature Importance for MST
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Energy Regression (Array)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461969 events

Configuration array energy regressor

model_cls: RandomForestRegressor
model_config:

n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

log_target: True

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Energy Regression (Array)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461969 events

10−2 10−1 100 101 102

Etrue /TeV
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Energy confusion for array (R2 = 0.8222± 0.0093)

100

101

102

103

Configuration array energy regressor

model_cls: RandomForestRegressor
model_config:

n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

log_target: True

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Energy Regression (Array)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461969 events

0.0 0.2 0.4 0.6 0.8 1.0
feature importance

HillasReconstructor az

n telescopes HillasReconstructor

mean scaled width

n LST HillasReconstructor

HillasReconstructor alt

HillasReconstructor core y

HillasReconstructor h max

HillasReconstructor core x

RandomForestClassifier prediction

mean scaled length

n MST HillasReconstructor

HillasReconstructor average intensity

RandomForestRegressor energy

Feature Importance for array

Configuration array energy regressor

model_cls: RandomForestRegressor
model_config:

n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

log_target: True

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Gamma-Hadron Classification
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Gamma-Hadron Classification (Telescope)

Randomized hyperparameter optimization yields:

Configuration particle classifier

ParticleClassifier:
model_cls: RandomForestClassifier
model_config:

n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

5-fold cross-validation:

LST:552754 signal + 561171 background
events

MST:1199267 signal + 1122374 background
events

0.0 0.2 0.4 0.6 0.8 1.0
false positve rate

0.0

0.2

0.4

0.6

0.8

1.0

tr
u
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ROC curve for LST

Single CV ROC curve

Mean ROC curve
(AUC: 0.9249 ± 0.0003)
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Gamma-Hadron Classification (Telescope)

Randomized hyperparameter optimization yields:

Configuration particle classifier

ParticleClassifier:
model_cls: RandomForestClassifier
model_config:

n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

5-fold cross-validation:

LST:552754 signal + 561171 background
events

MST:1199267 signal + 1122374 background
events

0.0 0.2 0.4 0.6 0.8 1.0
false positve rate

0.0
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0.4

0.6

0.8

1.0
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ROC curve for MST

Single CV ROC curve

Mean ROC curve
(AUC: 0.9298 ± 0.0003)
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Gamma-Hadron Classification (Telescope)

Randomized hyperparameter optimization yields:

Configuration particle classifier

ParticleClassifier:
model_cls: RandomForestClassifier
model_config:

n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

5-fold cross-validation:

LST:552754 signal + 561171 background
events

MST:1199267 signal + 1122374 background
events

0.0 0.1 0.2 0.3
feature importance

leakage pixels width 2

morphology n islands

peak time kurtosis

hillas length

scaled length

area

morphology n pixels

RandomForestRegressor energy

log RandomForestRegressor energy

scaled width

log tel impact distance

hillas width

timing deviation

RandomForestRegressor tel energy

HillasReconstructor h max

Feature Importance for LST
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Gamma-Hadron Classification (Telescope)

Randomized hyperparameter optimization yields:

Configuration particle classifier

ParticleClassifier:
model_cls: RandomForestClassifier
model_config:

n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

5-fold cross-validation:

LST:552754 signal + 561171 background
events

MST:1199267 signal + 1122374 background
events
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Feature Importance for MST
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Gamma-Hadron Classification (Array)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 910387 events

Configuration array particle classifier

model_cls: RandomForestClassifier
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Gamma-Hadron Classification (Array)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 910387 events
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Single CV ROC curve

Mean ROC curve
(AUC: 0.9792 ± 0.0003)

Configuration array particle classifier

model_cls: RandomForestClassifier
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Gamma-Hadron Classification (Array)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 910387 events
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Feature Importance for array

Configuration array particle classifier

model_cls: RandomForestClassifier
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Origin Reconstruction
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Origin Reconstruction using disp
Randomized hyperparameter optimization yields:

Configuration disp reconstructor

norm_cls: RandomForestRegressor
norm_config:
n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

sign_cls: RandomForestClassifier
sign_config:
n_estimators: 343
max_features: 0.6587
max_samples: 0.5815
min_samples_leaf: 0.000035
n_jobs: 40

5-fold cross-validation:
552754 LST events 1199267MST events
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Origin Reconstruction using disp
Randomized hyperparameter optimization yields:

Configuration disp reconstructor

norm_cls: RandomForestRegressor
norm_config:
n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

sign_cls: RandomForestClassifier
sign_config:
n_estimators: 343
max_features: 0.6587
max_samples: 0.5815
min_samples_leaf: 0.000035
n_jobs: 40

5-fold cross-validation:
552754 LST events 1199267MST events
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Origin Reconstruction using disp
Randomized hyperparameter optimization yields:

Configuration disp reconstructor

norm_cls: RandomForestRegressor
norm_config:
n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

sign_cls: RandomForestClassifier
sign_config:
n_estimators: 343
max_features: 0.6587
max_samples: 0.5815
min_samples_leaf: 0.000035
n_jobs: 40

5-fold cross-validation:
552754 LST events 1199267MST events
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Feature Importance for |disp| for LST (R2 = 0.9525± 0.0013)
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Origin Reconstruction using disp
Randomized hyperparameter optimization yields:

Configuration disp reconstructor

norm_cls: RandomForestRegressor
norm_config:
n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

sign_cls: RandomForestClassifier
sign_config:
n_estimators: 343
max_features: 0.6587
max_samples: 0.5815
min_samples_leaf: 0.000035
n_jobs: 40

5-fold cross-validation:
552754 LST events 1199267MST events
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Feature Importance for |disp| for MST (R2 = 0.9601± 0.0004)
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Origin Reconstruction using disp
Randomized hyperparameter optimization yields:

Configuration disp reconstructor

norm_cls: RandomForestRegressor
norm_config:
n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

sign_cls: RandomForestClassifier
sign_config:
n_estimators: 343
max_features: 0.6587
max_samples: 0.5815
min_samples_leaf: 0.000035
n_jobs: 40

5-fold cross-validation:
552754 LST events 1199267MST events
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Feature Importance for sign for LST (accuracy = 0.9294± 0.0012)
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Origin Reconstruction using disp
Randomized hyperparameter optimization yields:

Configuration disp reconstructor

norm_cls: RandomForestRegressor
norm_config:
n_estimators: 69
max_features: 0.5227
max_samples: 0.7138
min_samples_leaf: 0.000013
n_jobs: 40

log_target: True

sign_cls: RandomForestClassifier
sign_config:
n_estimators: 343
max_features: 0.6587
max_samples: 0.5815
min_samples_leaf: 0.000035
n_jobs: 40

5-fold cross-validation:
552754 LST events 1199267MST events
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Feature Importance for sign for MST (accuracy = 0.9395± 0.0005)
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Origin Reconstruction (Array)
Predict 3D cartesian position based on unit-sphere (1, 𝑎𝑙𝑡, 𝑎𝑧)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461212 events

Configuration (every) array origin regressor

model_cls: RandomForestRegressor
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- disp_alt
- disp_az
- disp_ang_distance_uncert
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Origin Reconstruction (Array)
Predict 3D cartesian position based on unit-sphere (1, 𝑎𝑙𝑡, 𝑎𝑧)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461212 events
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Configuration (every) array origin regressor

model_cls: RandomForestRegressor
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- disp_alt
- disp_az
- disp_ang_distance_uncert
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Origin Reconstruction (Array)
Predict 3D cartesian position based on unit-sphere (1, 𝑎𝑙𝑡, 𝑎𝑧)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461212 events
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Configuration (every) array origin regressor

model_cls: RandomForestRegressor
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- disp_alt
- disp_az
- disp_ang_distance_uncert
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Origin Reconstruction (Array)
Predict 3D cartesian position based on unit-sphere (1, 𝑎𝑙𝑡, 𝑎𝑧)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461212 events
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Configuration (every) array origin regressor

model_cls: RandomForestRegressor
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- disp_alt
- disp_az
- disp_ang_distance_uncert
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Origin Reconstruction (Array)
Predict 3D cartesian position based on unit-sphere (1, 𝑎𝑙𝑡, 𝑎𝑧)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461212 events
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Configuration (every) array origin regressor

model_cls: RandomForestRegressor
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- disp_alt
- disp_az
- disp_ang_distance_uncert
- RandomForestClassifier_prediction
- RandomForestRegressor_energy

L. Beiske | December 16, 2022 Origin Reconstruction 22



Origin Reconstruction (Array)
Predict 3D cartesian position based on unit-sphere (1, 𝑎𝑙𝑡, 𝑎𝑧)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461212 events
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Feature Importance for y

Configuration (every) array origin regressor

model_cls: RandomForestRegressor
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- disp_alt
- disp_az
- disp_ang_distance_uncert
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Origin Reconstruction (Array)
Predict 3D cartesian position based on unit-sphere (1, 𝑎𝑙𝑡, 𝑎𝑧)

Use (averaged) telescope predictions and array-wide features

No hyperparameter optimization (yet)

5-fold cross-validation on 461212 events
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Feature Importance for z

Configuration (every) array origin regressor

model_cls: RandomForestRegressor
model_config:
n_estimators: 200
max_features: "sqrt"
min_samples_leaf: 0.00001
n_jobs: 40

features:
- n_telescopes_HillasReconstructor
- n_LST_HillasReconstructor
- n_MST_HillasReconstructor
- mean_scaled_length
- mean_scaled_width
- HillasReconstructor_core_x
- HillasReconstructor_core_y
- HillasReconstructor_average_intensity
- HillasReconstructor_h_max
- HillasReconstructor_alt
- HillasReconstructor_az
- disp_alt
- disp_az
- disp_ang_distance_uncert
- RandomForestClassifier_prediction
- RandomForestRegressor_energy
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Performance
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Gamma-Hadron Performance (Energy-Dependent)

Array classifier
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Gamma-Hadron Scores

Single telescope predictions
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Gammaness and 𝜃 Cuts
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Gammaness and 𝜃 Cuts
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Energy Migration

Mean telescope predictions
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Energy – Bias and Resolution
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Sensitivity

⇒ This and all following plots use gammaness cuts optimized for maximum sensitivity!
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Angular Resolution
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Effective Area
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Outlook
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TODO

Separate dataset for array models→ optimize hyperparameters

Try other methods for averaging disp predictions (→ Lukas’master thesis)

Telescope models using only mono features→ include “mono” events

Try other ML algorithms (e.g. boosted decision trees) incl. hyperparameter optimization
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Summary

Image Parameters
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Backup
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|disp| vs Energy

2

4

6

8

10
|d
is

p|
tru

e
/°

LST

2

4

6

8

10

|d
is

p|
tru

e
/°

MST

4 2 0 2 4
log(Etrue) / TeV

2

4

6

8

10

|d
is

p|
pr

ed
ict

ed
/°

4 2 0 2 4
log(Etrue) / TeV

2

4

6

8

10

|d
is

p|
pr

ed
ict

ed
/°

100

101

102

100

101

102

103

100

101

102

103

100

101

102

103

L. Beiske | December 16, 2022 Outlook 36



Timing Parameters vs Impact Distance
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Quality Cuts

QualityQuery

quality_criteria:
- ["enough intensity", "hillas_intensity > 50"]
- ["Positive width", "hillas_width > 0"]
- ["enough pixels", "morphology_n_pixels > 3"]
- ["not clipped", "leakage_intensity_width_2 < 0.5"]
- ["HillasValid", "HillasReconstructor_is_valid"]
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Background Rejection
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Angular Resolution – More Plots
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Angular Resolution – 4x4
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Angular Resolution – 4x4
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Error of Mean disp Predicitons

10−2 10−1 100 101 102

Etrue /TeV

0.1

0.2

0.3

0.4

0.5

68
%
/
◦

σest

angular resolution

0 1 2 3 4

σest /
◦

100

101

102

103

104

105

Optimized gammaness cut

10−2 10−1 100 101 102

Etrue /TeV

0.2

0.3

0.4

0.5

0.6

68
%
/
◦

σest

angular resolution

0 1 2 3 4 5 6 7 8

σest /
◦

100

101

102

103

104

105

No cuts

L. Beiske | December 16, 2022 Outlook 42


	Introduction
	Scaled Parameters and Feature Selection
	Energy Regression
	Gamma-Hadron Classification
	Origin Reconstruction
	Performance
	Outlook

