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a complete photometric SNIa pipeline

we classify SNe Ia using only photometric info

SNLS deferred photometric pipeline

- sequential cuts with host-galaxy photometric z & SALT2 

- supervised learning with host-galaxy photometric z & SALT2 

- supervised learning with SN z & general fitter 

G. Bazin et al. A&A 534, A43 (2011)

Möller et al. in preparation (2016)

real data application

different classification methods
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SNLS

• based on the Canada France Hawaii Telescope 

• MegaCam : 36 CCD mosaic 

• 4 broadband filters g,r,i,z

• 4 fields of 1 square degree  

• rolling search mode 

• spectroscopic follow up (Keck, Gemini and VLT) 

• observations: 2003-2008 
- SNLS3 analysed and published 
- SNLS5 currently being processed 

(complete SNLS data set)

the SuperNova Legacy Survey
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SNLS pipelines
standard SNLS approach e.g. Astier et al. 2005, Guy et al. 2010, used in JLA Betoule et al. 2015

deferred photometric pipeline
developed in the SNLS Saclay group (France) 
• no spectroscopy required 
• differed detection of all kinds of transient events 
• larger number of detections 
• larger redshift coverage 
• sensitive to other SN types

feasibility of detecting and classifying SNe Ia shown with SNLS3 data

• real time detection, uses spectroscopy for typing and redshift

G. Bazin et al. A&A 534, A43 (2011) Photometric selection of Type Ia supernovae in the Supernova Legacy Survey. 
G.Bazin et al. A&A 499, Issue 3,(2009) The core-collapse rate from the Supernova Legacy Survey. 

• 0.15 < z <1.1

A&A 534, A43 (2011)
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Fig. 19. Distributions of the SALT2 fitted iM peak magnitude (top) and
of the host galaxy photometric redshift (bottom) for the identified (in
green) and unidentified (in black) subsamples of photometrically se-
lected SNe Ia.

Table 5. Contamination from core-collapse supernovae.

Redshift Events CC
zgal < 0.4 49 4.4± 1.1
0.4 < zgal < 0.8 196 11.1± 2.5
0.8 < zgal 240 2.1± 0.5

Notes. The table shows the number of events passing the photometric
SN Ia selection and the estimated CC contamination in three bins of
host galaxy photometric redshift.

confirmation8, called hereafter the “unidentified sample”. The
distribution of the peak magnitude in iM for the two subsam-
ples is given in Fig. 19. The unidentified sample is about one
magnitude deeper on average than the identified sample, as ex-
pected from the constraints to obtain a spectrum for the identi-
fied SNe Ia. This translates into an average redshift of 0.60 for
the identified set and of 0.86 for the additional set.

5.1. Comparison of bright events

At bright magnitudes, iM < 23, there are 110 identified events
and 56 unidentified ones, all but 5 events found in the real time
analysis. We traced back the reasons why these bright events
missed a spectroscopic identification. A third of them had been
detected in the real-time analysis, declared (from photometry) as
probable SNe Ia and sent for spectroscopy. Insufficient quality

8 Note that event SNLS 06D2bo has been included in the unidentified
sample.

Table 6. Comparison of events with and without spectroscopic identifi-
cation.

Parameter Identified Unidentified KS
sample sample proba

C 0.00 ± 0.01 0.02 ± 0.02 0.40
X1 0.23 ± 0.08 −0.01 ± 0.13 0.30

Notes. The mean values of SALT2 colour and X1 are given for photo-
metrically selected events with iM < 23, split into subsamples with and
without spectroscopic identification. Numbers in the last column are the
Kolmogorov-Smirnov probabilities that the two distributions arise from
the same parent distribution.

of the spectrum, however, resulted in a spectroscopic redshift
(usually from the host galaxy) but no typing of the supernova.
Another third were also declared as probable SNe Ia but could
not be scheduled for spectroscopic follow-up near maximum
light. The last third were usually less convincing candidates ac-
cording to their real-time, and thus partial, light curves.

The characteristics of the two subsamples of bright events
were compared, based on their complete light curves as recon-
structed in this analysis. Their colour and X1 distributions were
found to be compatible, as summarised in Table 6. We also com-
pared the colour-magnitude and X1-magnitude relations in the
two subsamples. For this purpose, the distance modulus of each
event was defined from the SALT2 fitted B-band peak magnitude
m∗B, X1 and colour C as:

µB = m∗B − M + αX1 − βC (2)

using values of M, α and β introduced in Sect. 3.3.1. Residuals
were then computed from these distance moduli by subtracting
5 log[P(z)] where P(z) is a third-degree polynomial that we fitted
on the total photometric sample in order to describe the mean
redshift dependence of the distance modulus with no assump-
tion on a specific cosmology model. The Hubble diagram resid-
uals without the colour or X1 term in the distance modulus are
represented in Fig. 20. The figure shows the fit of the colour-
magnitude and X1-magnitude relations from the full sample of
bright events, as fits from the two subsamples were found to be
indistinguishable.

In conclusion, when restricted to the same range of iM peak
magnitudes, the unidentified and identified samples of events do
not exhibit significant differences.

5.2. Comparison of full samples

We now consider the full set of photometrically selected SNe Ia
as an extension of the identified subsample towards fainter
events, and estimate the impact on distance moduli of using
the limited sample of spectroscopically identified SNe Ia. The
Malmquist bias due to spectroscopic sample selections is an
important issue in cosmology fits and was thoroughly studied
in SNLS with Monte Carlo simulations. The results, reported
in Perrett et al. (2010) were used to correct SN Ia distance mod-
uli in SNLS 3-year cosmological analyses (Guy et al. 2010;
Conley et al. 2011). The aim here is to check whether we can
measure this bias directly from data and with an analysis com-
pletely independent from that used to define the 3-year SNLS
cosmological sample.

To do so, ideally one would compare average distance mod-
uli at a given redshift, measured from the identified subsample
and from the whole photometric sample. Our statistical sample
being limited, we compare Hubble diagram residuals in large

A43, page 16 of 21
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SNe Ia

photometry
SN-like

photometry core-collapse 
SNe

transient events

photometry

pre-processed  
CFHT images

SNLS photometric pipeline

Light curves for all detections 
are constructed. 

Preselection cuts (SN-like): 
-One significant flux variation 

SN-like variation 
Star rejection 

-Quality cuts on light curves  
SNLS3 original pipeline 

300,000 -> 1,500
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SNe Ia

photometry
SN-like

photometry core-collapse 
SNe

transient events

photometry

pre-processed  
CFHT images

SNLS photometric pipeline

Light curves for all detections 
are constructed. 

Preselection cuts (SN-like): 
-One significant flux variation 

SN-like variation 
Star rejection 

-Quality cuts on light curves  
SNLS3 original pipeline 

300,000 -> 1,500

this pipeline was 
designed to be sensitive 
to other SN-types.  
SN-like cuts are loose.
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SNe Ia
SN-like

core-collapse 
SNe

SN classification

Goal: 
classify a large SN Ia sample with high-purity.

How: 
1. extract information:  

A. light-curve features: SALT2, general LC fitter 
B. redshift: host-galaxy photometric, SN-redshift 

2. classification strategy: sequential cuts, machine learning

this looks like our usual classification challenge
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SNe Ia
SN-like

core-collapse 
SNe

SN classification

Goal:
classify a large SN Ia sample with high-purity.

How:
1. extract information:  

A. light-curve features: SALT2, general LC fitter 
B. redshift: host-galaxy photometric, SN-redshift 

2. classification strategy: sequential cuts, machine learning

are we forgetting something?
real data, a complete pipeline. 
Classification starts from SN-like so we must be aware of backgrounds and selection cuts. 
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SN classification
evaluated using simulations and data 

SNLS3 
contains large spectroscopically and photometrically identified SNe samples

classification
signal= SNIa with correct z 
background={SNIa with incorrect z, core-collapse SNe}

the core-collapse photometric sample was determined by Bazin et al. 2009 in a specific analysis.  
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How:
1. extract information:  

A. light-curve features SALT2: C, x1, magnitudes and chi2 of the fit. 
B. redshift host-galaxy photometric: event coordinates matched to a host galaxy 

using an external catalogue.  
Ilbert et al. 2006: 520,000 galaxies with an AB magnitude brighter than 25 in iM . 
~4% resolution , catastrophic assignment ( ∆z/(1 + z) > 0.15 ): 3.7% 

2. selection cuts: 
- sampling 
- poor fit :fitted bands chi2 of the fit (-7 spe Ia), unfitted bands (- 10 spe Ia) 

3. classification strategy: sequential cuts

method 1
G. Bazin et al. A&A 534, A43 (2011) 
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Chapter 4. SNLS deferred photometric analysis 61

(a)

(b)

Figure 5.8 SALT2 parameters plot for color and stretch. X1 vs. C is shown in 5.8a
and illustrate the way the X1-C cut was chosen (shown as a red ellipse). As an example
of the e↵ect of the color cut, the di↵erence between redshift assignement as a function
of C is seen in 5.8b with red lines showing the extreme value of color cuts. In both plots
synthetic SNe Ia (blue dots) and data (other symbols) are shown after sampling and
�2 constraints. Spectroscopically identified SNeIa are represented with green circles
and spectroscopically identified core collapse events with red triangles. For Figure 5.8b
pink crosses show events rejected by �2 cuts in unfitted bands [66].

spectroscopic redshifts.

Color-magnitude diagrams

The last criteria for rejecting core collapse events were based on color-magnitude dia-

grams. These can be seen in Figure 5.9. Events entered these diagrams only when the

filters of interest were used in the fit.

• Figure 5.9a contributed only in the range 0.16 < z < 0.68.

• Figure 5.9b contributed only in the range 0.26 < z < 1.15.

Chapter 4. SNLS deferred photometric analysis 62

(a)

(b)

(c)

Figure 5.9 Color-magnitude diagrams using SALT2 fitted magnitudes for events that
passed all cuts up to color and stretch cuts. Spectroscopically identified SNeIa are
represented with green circles, core collapse events with red triangles and synthetic
SNe Ia as blue dots. Cuts are shown using red lines. Magnitude ranges (1�) are
indicated for 0.1 redshift bins centered in the given value (vertical location of segments
is arbitrary). [66].

• Figure 5.9c contributed only in the range z > 0.26.

Since core collapse events have more g than SNe Ia, the (g � i) vs. g diagram proved

helpful in eliminating these.

It must be noted that all cuts were necessary to disentangle type Ia from core collapse

SNe. Results for SNLS3 data are presented in Figure 5.10. Using the MC, the core-

collapse contamination in the photometric sample was found to be of 4%. The average

SNIa e�ciency in the selection was 67% using well sampled light curves of bright SNe

Ia events as given by Bazin et al. [66]. To emphasize the e↵ect of redshift assignment

over the average e�ciency, if all events were assigned a host galaxy redshift the global

e�ciency for bright events would be 80%.

spectroscopic SNe Ia

simulated SNe Ia
spectroscopic CC

SNLS3 data

SNLS3
zgal + SALT2 + sequential cutsChapter 4. SNLS deferred photometric analysis 61

(a)

(b)

Figure 5.8 SALT2 parameters plot for color and stretch. X1 vs. C is shown in 5.8a
and illustrate the way the X1-C cut was chosen (shown as a red ellipse). As an example
of the e↵ect of the color cut, the di↵erence between redshift assignement as a function
of C is seen in 5.8b with red lines showing the extreme value of color cuts. In both plots
synthetic SNe Ia (blue dots) and data (other symbols) are shown after sampling and
�2 constraints. Spectroscopically identified SNeIa are represented with green circles
and spectroscopically identified core collapse events with red triangles. For Figure 5.8b
pink crosses show events rejected by �2 cuts in unfitted bands [66].

spectroscopic redshifts.

Color-magnitude diagrams

The last criteria for rejecting core collapse events were based on color-magnitude dia-

grams. These can be seen in Figure 5.9. Events entered these diagrams only when the

filters of interest were used in the fit.

• Figure 5.9a contributed only in the range 0.16 < z < 0.68.

• Figure 5.9b contributed only in the range 0.26 < z < 1.15.

method 1
G. Bazin et al. A&A 534, A43 (2011) 
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8.4.1 zgal + SALT2 + sequential cuts: SNLS3

For consistency, I reprocessed statistics for the SNLS3 analysis. All results are in agree-

ment with published results [66] with the exception of the core-collapse contamination.

This triggered a reevaluation of results and we found a divergence due to an error in the

normalization procedure. Once corrected, the core-collapse contamination was reeval-

uated to be 5 ± 1% for the original analysis. Results for my computation are shown

in Table 8.4. The residual di↵erence may be attributed to host-extinction included in

the original analysis (to obtain the observed rate), while my computation takes the rate

corrected for extinction.

Simulation

purity contamination e�ciency

SNe Ia bad redshift SNe Ia core-collapse SNIa

94.4± 0.5% 0.65± 0.08% 4.9± 0.5% 29.9± 0.3%

SNLS3 data

# events # spectroscopic SNe Ia # spectroscopic CC # photometric CC

486 175 0 0

Table 8.4 SNLS3 analysis (zgal + SALT2 + sequential cuts): statistics for SNLS3
data and purities, e�ciencies from simulation. The indicated SNIa e�ciency is the
global e�ciency and includes weights and e�ciency of host-galaxy assignment. The
core-collapse photometric sample was determined by [35].

The purity and contamination distributions as a function of host-galaxy redshift can

be seen in Figure 8.10. The contamination of SNe Ia with bad redshift assignment

increases slightly with redshift but remains small (below 0.5%) whatever the redshift.

The core-collapse contamination is dominated by non-plateau events and decreases with

redshift. The contamination statistics is very low and therefore we can’t draw any

conclusion about the trends, those results are consistent with a flat distribution (within

error bars).

the core-collapse photometric sample was determined by Bazin et al. 2009 in a specific analysis.  

SNLS3

BUT host-galaxy redshift assignment (zgal) efficiency is 83%

method 1
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method 2

Boosted Decision Trees (BDT)

• supervised classification methods  

• decision trees make successive rectangular cuts 
in the parameter space  

• improving model:  

• boosting: making the model more complex 
AdaBoost, XGBoost 

• averaging methods: Random Forest, Bagging 

Chapter 7. SNe classification 111

events are reweighted to put more emphasis on poorly classified events. Then, with the

reweighted data, the training is redone. This is an iterative procedure where the final

classification is averaged over all decision trees. There are many boosting techniques,

but I centered on AdaBoost which is a largely used boosting method.

Figure 8.2 Graphic representation of a simple decision tree. The root node contains
an event with all its information and is our starting point. A sequence of binary splits
using variables xi, xj , xk is applied to data. At each split, the variable that gives the
best separation is used to discriminate between signal and background. The end nodes
are labelled ”S” and ”B” for signal and background classifcation [92].

In order to train BDTs, one has to choose the algorithm’s hyperparameters. These

include the maximum depth of a tree, the number of trees used for boosting and the

minimum size of a node. Choices can be done using overtraining tests and applying

classification to independent known samples and studying their statistical evolution.

Moreover, data used for training (simulations) and application (data) must be prepro-

cessed to eliminate data overflows that may yield missclassifications.

Supervised learning methods can be implemented using di↵erent toolkits such as Python’s

scikitlearn and ROOT’s TMVA. Although I performed tests with both, my classifica-

tion is based on the TMVA toolkit. Possible extensions of this work include exploring

other packages as scikitlearn which can mix several supervised learning methods and

can optimize hyperparameters in an automatic way.

redshift + features BDT response
N-dimensional problem 1-dimensional problem

introductions 1/3
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method 2
introductions 2/3

• estimated directly from SN light curves. 

light curves are fitted using SALT2 searching minimisation of the reduced χ2

1. for successive values of the redshift separated by δz = 0.1 with color and stretch 
set with gaussian priors. 

2. setting the color and stretch parameters free and performing a new redshift scan 
around first step’s redshift with the same step δz as above. 

• set up on SNLS3 data 

• ~2% resolution , catastrophic assignment ( ∆z/(1 + z) > 0.15 ): 1.4% 

SN redshift (zpho) Palanque-Delabrouille et al. 2010  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general type fitter (gen fit)

SN photometric redshift algorithm uses SALT2. Advisable to use a light 
curve fitter which is: 

• independent from SALT2 

• able to fit other types of SNe. e.g. the empirical model used for SN-
like selection.

fk = Ak e�(t�tk0 )/⌧
k
fall

1 + e�(t�tk0 )/⌧
k
rise

+ ck

tk
max

= tk0 + ⌧k
rise

ln(⌧k
fall

/⌧k
rise

� 1)

k= filter

method 2
introductions 3/3
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How:
1. extract information:  

A. light-curve features general fitter 
B. redshift SN-redshift 

2. selection cuts (adapted to our analysis): 
- sampling 
- poor fit : chi2 of the SN-z fit, checked twice 

3. classification strategy: supervised learning

method 2

Möller et al. (2016) in preparation 
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method 2

Figure 2: SNLS3 data: �2 of redshift fit against �2 ot total fit. Classified events are shown
in: type Ia in (bright=spectroscopic, dark=photometric) green, core-collapse SNe in red.
Visual inspection of light-curves were used to determine if some events were not SN-like
(orange) and long events similar to type II SNe (yellow). In beige we show events with
extreme photometric redshifts (when compared to spectroscopic redshifts).

• �2 of the total multi-band fit to be in the range (0, 4).184

These cuts also reduce some non-physical events that were in the SN-like sample (see Figure185

2). In particular the �2 of the total multi-band fit was found to be sensitive to non SN-like186

events.187

Then, with a meaningful SN-redshift we asses the quality of our light-curves. For this,188

we fit our light-curves with a normal SALT2 fit. The output of this fit is only used for189

verifying quality and reduce outflows. It won’t be used in the classification since SALT2 was190

already used for obtaining SN-redshifts. We require:191

• Minimal sampling on the light curve before and after maximum, as established by ⌧ ,192

the determined time of maximum in rest frame:193

– at least one measurement in the range �10 < ⌧ < +5 days,194

– at least one measurement in the range +5 < ⌧ < +20 days for a reasonable shape195

evaluation,196

– at least one color among (g � i), (r � z) and (i � z) must have at least one197

measurement in each band in the range �10 < ⌧ < +35.198

• SALT2 convergence. Events with SALT2 features in the overflows are discarded.199

– 5 –

preliminary

spectroscopic SNe Ia

visually non SN-like
spectroscopic CC

SNLS3 data

visually long
extreme z
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How:
1. extract information:  

A. light-curve features general fitter 
B. redshift SN-redshift 

2. selection cuts (adapted to our analysis): 
- sampling 
- poor fit : chi2 of the SN-z fit, checked twice 

3. classification strategy: supervised learning

method 2

- setting parameters 
- selecting features 
- crossvalidation 

using scikit learn packages

-Random Forest 
-AdaBoost 
-XGBoost (extreme gradient boosting)

. http://xgboost.readthedocs.org/  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method 2
Simulations

preliminary
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Simulations

method 2

we want to compare classified samples -> 95% purity 

preliminary
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AdaBoost Random Forest XGBoost
total e�ciency Ia 36.9± 0.6 32.4± 0.7 41.1± 0.7

purity Ia 95.6± 0.5 95.6± 0.4 95.3± 0.4
contamination Ia bad z 0.53± 0.09 0.29± 0.07 0.60± 0.09
contamination CC 3.9± 0.4 4.1± 0.4 4.0± 0.4

Table 1: MC estimated percentages of total e�ciency, purity and contamination for di↵erent
boosting methods with a given purity of 95%.

rect SN-redshift (when compared to spectroscopic redshift). The spectroscopic core-collapse349

in RF is classified as Ic. The one found in the AdaBoost analysis, is a classified type II and350

its light curve was incomplete since it was obtained at the end of the season.351

For XGB classification 3 events had an incorrect SN-redshift, two had correct SN-352

redshifts and one was classified photometrically, therefore no spectroscopic redshift was353

available. Since the spectroscopically and core-collapse samples are not complete and have354

di↵erent selection criteria, we can not conclude on the statistical significance of this variation.355

The purity applies on the total size of the classified as type Ia sample. To compare356

the three methods we use the ratios between classified as type Ia samples and the estimated357

e�ciency. The ratio XGB with RF shows agreement between the two samples. However,358

any ratio with AdaBoost shows a disagreement where the estimated e�ciency ratio is much359

smaller than the ratio found in the data. This discrepancy remains unexplained.360

Figure 5: Venn diagram for the photometrically classified samples by the three di↵erent
algorithms (RF, XGB, Ada) when requiring a purity of 95% in the sample. 443 are the
common events found in the three samples.

5.1 E�ciency evolution with redshift361

The total e�ciency as a function of generated redshift is shown in Figure 7 for all classification362

methods. The higher e�ciency at low redshift can be attributed to an easier classification for363

brighter SNe Ia. The SN Ia classification e�ciency varies from one algorithm to the other,364

– 11 –

AdaBoost Random Forest XGBoost
photometric sample 478 549 677
spectroscopic Ia 166 198 223
photometric Ia 318 364 444

spectroscopic CC 1 0 2
photometric CC 1 1 6

Table 2: Photometrically classified sample for di↵erent boosting methods with a given purity
of 95%. Subsamples of events identified by spectroscopy or previous photometric pipelines
are shown [14], [6], [16].

optimization methods.367

The high number of spectroscopic type Ia in the XGB and RF classification of SNLS3368

data may be linked to the high e�ciencies found at low-redshift (z < .7). Although AdaBoost369

has a similar simulated eficiency at low-redshifts, the number of spectroscopic type Ia SNe370

in the SNLS3 classified sample is relatively low when compared to the other methods.371

Figure 7: Selection e�ciency from synthetic SN Ia light curves as a function of the generated
redshift, for di↵erent classification methods with a given purity of 95%.

5.2 Evolution of purity with redshift372

We study the evolution of the purity and contamination with respect to generated redshift373

and the SN-redshift for each algorithm in Figure 9.374

The contamination by type CC SNe is higher at lower generated redshift but remains375

small (below 15%) whatever the method and redshift. Comparing the contamination as a376

– 13 –

preliminary

method 2
Simulations

data

95% purity
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We study the evolution of the purity and contamination with respect to generated redshift373

and the SN-redshift for each algorithm in Figure 9.374

The contamination by type CC SNe is higher at lower generated redshift but remains375

small (below 15%) whatever the method and redshift. Comparing the contamination as a376

– 13 –

(a) SNIa purity (b) SNIa purity

(c) CC contamination (d) CC contamination

(e) SNIa bad z contamination (f) SNIa bad z contamination

Figure 9: Purity/contamination for a 95% purity sample,left colum against SN-photometric
redshift and right colum for generated redshift. All three methods are represented: Random
Forest RF (dotted black), AdaBoost Decision Tree AdaBDT (dashed blue) and Extreme
Gradient Boosting XGB (solid yellow).

– 16 –

preliminary

preliminary
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method 2
SN-z, general fit, XGB 98% purity

cut spectroscopic photometric simulated
events Ia CC Ia CC Ia%

SN-like 1483 246 33 486 109 0.50
selected 1193 238 21 481 77 0.47
classified 529 205 0 374 1 0.35

Table 3: E↵ect of selection cuts and classification (XGB) over SNLS3 data and synthetic
type Ia. Spectroscopically (photometrically) identified Ia and core-collapse SNe.

– 15 –

(a) comparisson with photometric sample (b) comparisson with spectroscopic sample

Figure 11: SNLS3 data: SN-redshift distribution of classified sample by XGB in yellow (solid
line) compared to spectroscopically (11b) and photometrically (11a) identified samples. The
photometrically identified sample was classified using host-galaxy redshifts.

other possible non SN-like events. This is of great importance since our algorithms have been423

trained to disentangle type Ia from core-collapse SNe.424

Figure 12: E�ciency versus purity for our simulated SNe for the XGB method. We show
the e�ciency on selected events (shows only the classification losses), on SN-like events and
the total survey e�ciency over 3-years.

– 18 –
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method 2function of generated redshift and measured photometric redshift, there is a migration of377

low-z events towards higher redshifts. This is attributed to incorrect redshift assignments for378

some core-collapse events which can be seen in Figure 8.379

Figure 8: SN-redsift vs. generated redshift for simulated SNe. We show type Ia SNe in
green circles and core-collapse SNe in red triangles.

The contamination by type Ia with incorrect redshift assignment increases at higher380

generated redshift. Those events are assigned a variety of SN-redshifts. The overall contam-381

ination stays well below 1%.382

6 Choosing a method: XGB with high purity 98%383

The best performing algorithm was found to be XGB with a high achievable purity and384

e�ciency. We chose to select our photometric sample with this algorithm fixing a BDT385

response threshold such that we obtain a 98.0 ± 0.3% purity and 34.7 ± 0.7% e�ciency386

sample.387

We now study in detail the classified sample by this method.388

6.1 E↵ect of selection cuts and classification389

The e↵ect of the cuts is given for the data and synthetic SNe Ia in Table 3. The selection390

cuts are shown to reduce the spectroscopic and photometric type Ia subsamples by 3.3% and391

1% respectively. The core-collapse SNe are mainly discarded through classification.392

6.2 Classification and SN-redshifts393

We investigate the e↵ect of SN-redshifts on the SN classification. Figure 10 shows the com-394

parison between spectroscopic and SN redshifts at the end of the SN Ia selection. From the395

classified synthetic events we see that the contamination by core-collapse is mostly due to396

events that have an incorrect SN-redshift.397
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Simulations

preliminary
Interestingly, those core-collapse SNe that were assigned a good SN-redshift were not398

classified as type Ia SNe by our method. A core-collapse event that has correct SN-redshift is399

an event that has colors and photometry consistent with type Ia (SN-redshifts are obtained400

using a modified SALT2 template based on type Ia SNe). We highlight this and attribute it401

to the features obtained using the general SN fitter.402

(a) synthetic SNe in our photometric sample (b) SNLS3 SNe in our photometric sample

Figure 10: Generated(spectroscopic) redshift vs SN-photometric redshift for syn-
thetic(SNLS3 data) SNe. All SNe are shown in black dots.Classified events with the XGB
method at 98% purity are shown in triangles. Red side triangles indicate core-collapse SNe
classified by our method: simulated in 10a and photometrically identified in 10b.

The distribution of classified events over SN-redshift is shown in Figure 11. The distribu-403

tion of classified events peaks at higher SN-redshifts when compared to the spectroscopically404

identified sample. There is a large overlap between events in both samples and no particular405

trend over SN-redshift selection is seen.406

The distribution of the SN-photometric redshift for the previous photometric sample407

and the new one is shown in Figure 11. The new classification provides more events z > 0.7408

while maintaining the number of events at low redshift and therefore a large fraction of the409

spectroscopic sample.410

6.3 E�ciency evolution: classification, selection and total411

E�ciency estimations can be done taking into account all or some steps on the SN pipeline. In412

Figure 12 we evaluate the evolution of e�ciency and purity taking into account: classification413

only, classification and selection cuts and the complete pipeline. E�ciencies are computed414

taking into account SN rates.415

Our machine learning classification can achieve a 100% e�ciency at the expense of416

selecting a photometric sample with purity of at most 70%. Taking into account the selection417

cuts (e.g. quality and eliminating overflows), the maximum achievable e�ciency drops to418

80%. When accounting for the rest of the pipeline (detection and SN-like cuts) the maximum419

achievable e�ciency drops to 45%.420

Although a ⇠ 20% reduction of the maximum achievable e�ciency between classification421

and classification with selection cuts, we emphasize the importance of these cuts that reduce422

– 17 –

data

Simulations



Photometric Classification Workshop. May 28th, 2016 Anais Möller

method “3”

purity 98.0 +- 0.3
efficiency 38.2 +- 0.7

host-galaxy photometric z, SALT2 fit, XGB

preliminary
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take away and discussion
SNLS deferred photometric pipeline:a unique opportunity for testing classification with real data. 

selection cuts

- necessary to reduce other non-modelled backgrounds. 

- reduces efficiency but is the price to pay if we want to trust our sample. 

SN-z classification

- can achieve easily a purity above 95% 

- we are able to disentangle core-collapse events that have colors and photometry coherent 
with type Ia (therefore they have a correct SN-z). May be attributed to general fitter features. 

our BDT methods can also be used in SALT2+host-galaxy z classification 

to be applied on SNLS5. crosschecking w. larger spectroscopic sample! 

other: cosmology analysis errors, SNIa diversity?
lead by V. Ruhlmann-Kleider


