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Chapter 3. SuperNova Legacy Survey (SNLS) 43

Figure 4.8 Hubble diagram using 472 SNeIa from SNLS3 and other low- and high-
redshift surveys from JLA with SALT2 parametrization [65]. The black curve shows a
⇤CDM model fitted to data. µ is given by Equation 3.5. ⇤CDM parameters from this
analysis include ⌦m = 0.303 ±0.012,⌦⇤ = �1.027 ±0.055 and H0 = 68.50± 1.27.

Betoule et al. 2014
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more SNe Ia 
not enough resources for spectroscopy 
 (DES,LSST) 

-> photometric classification 
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photometric classification

1.   redshift 

2.   light curve features 

3.   a classification strategy

ingredients:
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ingredients:
1.    need to trust our sample 

(purity) 

2.  we want large numbers 
(efficiency) 

challenges:
1.   redshift 

2.   light curve features 

3.   a classification strategy

photometric classification
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evaluate:
-simulation:  
e.g. Photometric classification challenge Kessler et al. 2013  
(N. Karpenka et al. 2012, M. Lochner et al 2015 ) 
- data: need a large known SNe sample

1.    need to trust our sample 
(purity) 

2.  we want large numbers 
(efficiency) 

ingredients: challenges:
1.   redshift 

2.   light curve features 

3.   a classification strategy

photometric classification

(labeled data)



Anais Möller, ANUSupernovae through the ages, Rapa Nui August 2016

SNLS

• based on the CFHT 
• MegaCam : 36 CCD mosaic 
• 4 broadband filters g,r,i,z
• 4 fields of 1 square degree  
• rolling search mode 
• observations: 2003-2008 

- SNLS3 analysed and published 
- SNLS5 currently being processed 

(complete SNLS data set)

the SuperNova Legacy Survey
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SNLS photometric pipelinedeferred photometric pipeline

SN-like 
sample

classified 
SN Ia sample

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

spectroscopic sample: e.g. Astier et al. 2005, Guy et al. 2010, used in JLA Betoule et al. 2015

developed in the SNLS Saclay group (France)

photometric sample: Bazin et al. 2009, 2011

~1500 events
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SNLS photometric pipelinenew photometric classification

SN-like 
sample

classified 
SN Ia sample

Selection cuts Classification ingredients
1. redshift: SN photometric z 
2. general light-curve fitter 
3. supervised learning

data
SNLS3

simulations
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SNLS photometric pipeline
3.2 Selection cuts227

3.2.1 Photometric SN redshift quality228

Before classification, we introduce apply selection cuts to ensure meaningful photometric229

redshifts and reliable light-curves, and to mitigate the number of non-SN events still present230

in the SN-like sample. Indeed, since the identification of SN-like events in the photometric231

pipeline was designed to be sensitive todi↵erent types of SNe and to faint ones, non-SNe are232

probably still present and may bias the classification.We thus restrict the sample further by233

applying cuts more focused on type Ia events.234

To investigate possible cuts we visually inspected a subset of light-curves that were235

identified in the tails of selected distributions, such as the one shown in Fig. 4.236

Figure 4: �2
⌫

of redshift fit versus �2
⌫

of total fit for SNLS3 photometric SN-like events.
Events further classified as type Ia are in light (dark) green for spectroscopic (photometric)
identification. Core-collapse SNe are in light (dark) red left (right) pointing triangles for
spectroscopic (photometric) sample. Orange (yellow) dots stand for events whose light-curves
were visually inspected and found not to be compatible with a SN-like signal (compatible
with long declining events similar to SNe II). Beige dots are events with both spectroscopic
and photometric redshifts, which were found to be incompatible. All other SN-like events of
unknown type are in blue.

To ensure that the obtained photometric SN redshifts are meaningful, we require from237

the photometric redshift algorithm multiple fit’s output:238

• an estimated redshift above 0.1,239

• contribution of the redshift prior to the total �2
⌫

in the range (0, 4),240
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found to be very important 
non SN-like backgrounds!

spectroscopic SNe Ia

visually non SN-like
spectroscopic CC

all events

visually long
extreme z

data
SNLS3

SN-like 
sample

classified 
SN Ia sample

Selection cuts

new photometric classification
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SNLS photometric pipeline

estimated directly from SN light curves. 
iterative: SALT2 fitted with different z, priors

Palanque-Delabrouille et al. 2010  

• ~2% resolution  

• catastrophic assignment ( ∆z/(1 + z) > 0.15 ): 1.4% 

SN-like 
sample

classified 
SN Ia sample

Selection cuts Classification
1. redshift: SN photometric z

new photometric classification
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SNLS photometric pipeline

When a solution if found, another scan is done around the fitted redshift with free color and203

stretch parameters.204

The precision of the redshifts for SNe in the SNLS3 sample was reported in [9]. The205

average precision was defined as ��z/(1+z) ⌘ 1.48⇥ median [|�z|/(1 + z)], where �z is the206

di↵erence between the real and the photometric SN redshift. The rate of catastrophic errors,207

⌘, was defined as the proportion of events with |�z|/(1 + z) > 0.15. For the SNLS3 sample208

an average precision of ��z/1+z

= 0.022 up to z ⇠ 1 was found, while for z < 0.45 it was209

0.006. The precision degrades with redshift due to low flux in the g then r bands as the210

redshift increases. This degradation is irregular as seen in Fig. 4 and described in Section 5211

in [9]. Catastrophic errors were found to be under 1.4% for type Ia SNe passing color and212

stretch cuts. When restricting the test sample to spectroscopically confirmed SNe Ia the213

catastrophic errors fell to 0.4%. The authors found a net bias on the fitted redshift of 0.008214

on average. Further details can be found in [9].215

The algorithm can be used for obtaining redshifts for all SN-like events. In Figure 3,216

we show for simulated events, the fitted photometric SN redshift against the real redshift217

for both type Ia and core-collapse SNe. Since the algorithm assumes that all events are SN218

Ia, redshifts obtained for core-collapse SNe are usually inaccurate. However, there are some219

core-collapse SNe that have redshifts that are close to correct. These events have colors that220

are consistent with type Ia SNe.221

Figure 3: Photometric SN redshift vs. the real redshift for simulated SNe. We plot type Ia
SNe with yellow circles and core-collapse SNe with blue triangles.

The photometric SN redshift algorithm provides not only the redshift, but also the222

reduced �2
⌫

of the agreement in color and width between the processed light-curve and the223

expected light-curve of an SNIa at the determined redshift. In the following we will refer224

to the reduced chi-square, which is defined as �2
⌫

= �2/N
dof

, there N
dof

is the number of225

degrees of freedom.226
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simulations

SN-like 
sample

classified 
SN Ia sample

Selection cuts Classification
1. redshift: SN photometric z

estimated directly from SN light curves. 
iterative: SALT2 fitted with different z, priors

Palanque-Delabrouille et al. 2010  

• ~2% resolution  

• catastrophic assignment ( ∆z/(1 + z) > 0.15 ): 1.4% 

new photometric classification
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SNLS photometric pipeline

Classification
1. redshift: SN photometric z 
2. general light-curve fitter

fk = Ak e�(t�tk0 )/⌧
k
fall

1 + e�(t�tk0 )/⌧
k
rise

+ ck
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max

= tk0 + ⌧k
rise
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/⌧k
rise

� 1)

k= filter

independent from SALT2 
fits other SNe

SN-like 
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classified 
SN Ia sample

Selection cuts

new photometric classification
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SNLS photometric pipeline

Classification
1. redshift: SN photometric z 
2. general light-curve fitter 
3. supervised learning in a nutshell

data

SNLS3

train evaluate
simulations simulations

supervised  
learning

SN-like 
sample

classified 
SN Ia sample

Selection cuts

new photometric classification

labeled data labeled data

partially labeled data
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SNLS photometric pipeline

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.

Decision Trees: 
- Random Forest 
- AdaBoost 
- XGBoost (Extreme Gradient Boosting) T. Chen et al. 2016

scikit-learn

SN-like 
sample

classified 
SN Ia sample

Selection cuts Classification
1. redshift: SN photometric z 
2. general light-curve fitter 
3. supervised learning in a nutshell

new photometric classification
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SNLS photometric pipeline
SN-like 
sample

classified 
SN Ia sample

Selection cuts Classification
1. redshift: SN photometric z 
2. general light-curve fitter 
3. supervised learning

new photometric classification
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from the ROC curve shown in Figure 5. All methods obtain an AUC metric above 0.95 and385

are therefore considered as excellent classifiers. This curve shows the trade-o↵ between hav-386

ing a high positive rate (equivalent to classification e�ciency) and a low false positive rate387

(equivalent to contamination). We study in the following the di↵erences between methods388

and their impact in both simulation and data classification.389

Figure 5: Receiver operating characteristic (ROC) curves for di↵erent classification methods
applied on synthetic SNe. True and false positive rates are given by Equations 4.1 and 4.3
respectively. Each curve represents a di↵erent algorithm: Random Forest RF (dotted black),
AdaBoost Decision Tree AdaBDT (dashed blue) and Extreme Gradient Boosting XGB (solid
yellow). The AUC score (area under the curve) is shown in the legend.

We classify synthetic SNe to estimate e�ciencies and purities. For each classifier, a390

BDT response threshold must be chosen. This choice results from a trade-o↵ between purity391

and e�ciency of the classified sample. For our three methods, we plot in Figure 6 total392

e�ciency (as defined in Section 4.3.2) against purity of the classified sample for di↵erent393

BDT response thresholds. The performance of each algorithm is in agreement with the AUC394

metric ranking. It is clear that the trade-o↵ between e�ciency and purity is more favorable395

for the XGB algorithm.396

To compare the classified samples produced by the three algorithms, we set the BDT397

response threshold such that we obtain a 95% estimated purity. The estimations of total398

e�ciencies and purities for these samples can be seen on Table 2. The algorithm with highest399

e�ciency for our set purity is found to be XGB.400
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performance of our classifiers

very good!

simulations

new photometric classification
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if we want to do cosmology with a 
photometrically classified type Ia sample 

we must answer some important 
questions

new photometric classification
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differences between simulation & data? 
case study: purity 95%

Figure 9: Venn diagram for SNLS3 data photometrically classified by three di↵erent al-
gorithms with the purity set to 95%. Color code as follows : overlap between the three
methods in mauve, overlap between RF and XGB (Ada) in beige (light blue), between XGB
and Ada in purple, pure RF in green, XGB in pink and Ada in dark blue. The total number
of classified events for each method are given in Table 3.

AdaBoost Random Forest XGBoost
photometric sample 478 549 670
spectroscopic Ia 166 198 223
photometric Ia 318 364 444

spectroscopic CC 2 2 3
photometric CC 1 1 6

Table 3: Numbers of events classified as SNIa by the three methods with a given purity
of 95%. The first line gives the numbers drawn from the selected SNLS3 sample and the
next three lines give the numbers for the spectroscopically and photometrically identified
subsamples [16], [6], [7].

5.2.1 Comparison with the SNLS3 subluminous and peculiar SN Ia samples454

The SN-like sample (the starting point of our classification) contains 11 photometrically455

identified subluminous events and 5 spectroscopically identified peculiar events.456

For all classification methods, the same 3 peculiar events are contained in our photomet-457

rically classified sample. None of them exhibit any sign of peculiarity in their light-curves.458

The super-Chandrasekhar type Ia and the 1991T-like object are not classified as type Ia SNe459

by any of our methods.460

Subluminous supernovae are found in our classified samples. In the case of Random461

Forest and AdaBoost classifications, 4 events are in the classified sample while 8 are included462

in the XGB sample. Despite our methods not being trained for disentangling normal type463

Ia and subluminous SNe, our photometric classification appears to have some e�ciency on464

subluminous SNe Ia as well.465
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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 inaccurate 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 2: Estimated total e�ciency, purity and contamination from simulated SNe for dif-
ferent methods with a given purity of 95%.

5.2 Application on SNLS3 data417

Classification is also evaluated on SNLS3 data. We classify the selected sample of SNLS3418

with the purity set to 95%. In Figure 9 we show a Venn diagram with the events classified419

as type Ia SNe by each method. The large number of common events shows the coherence420

between the three algorithms.421

For each method, Table 3 gives the number of events classified as type Ia for the selected422

sample and the sub-samples of photometrically and spectroscopically identified type Ia and423

core-collapse SNe. XGB has the largest number of spectroscopically and photometrically424

classified type Ia supernova. However, since these two samples share common events we425

visualize the superposition of these samples in Figure 10. XGB continues to have the largest426

common sample.427

For RF classification, all classified core-collapse events had an inaccurate photometric428

SN redshift. For AdaBoost, one event was found to have inaccurate photometric SN redshift.429

The other event, common to both spectroscopic and photometric samples, is a spectroscopi-430

cally classified type II event whose light-curve is incomplete because it was observed at the431

end of a season. For XGB classification 4 core-collapse (2 spectroscopic and 2 photometric)432

events had an inaccurate photometric SN redshift. Four events had correct photometric SN433

redshifts (1 spectroscopic, 2 photometric and one common to both samples). One last event434

was classified photometrically, therefore no spectroscopic redshift was available.435

The XGB method selects more CC events than the other two algorithms. Given the436

expected CC contaminations (see Table 2) and photometric sample sizes (see Table 3), we437

expect XGB to classify 20 to 40% more CC events than the other two methods, less than what438

we observe in data on the two test-samples of CC events that we have at our disposal.This439

might be a statistical fluctuation, or a reflection of the incompleteness of the CC test-samples440

or an indication that our photometric samples are still contaminated by residual non SN-441

backgrounds that make our expected CC contaminations only indicative.442

All classified samples contain the same spectroscopically confirmed SNIa with inaccurate443

photometric SN redshift when compared to its spectroscopic redshift. Using Tables 2 and 3,444

the total number of type Ia SN with inaccurate redshift is expected to be between 1.5 and 4445

events depending on the algorithm. This is in reasonable agreement with what we see in data446

on the sub-sample of spectroscopically identified SNe Ia for which we have both redshifts.447

To check the agreement between expectations and data with the three methods, we448

compare the SNIa e�ciency ratio between any two methods with the ratio of the classified449

sample sizes for the same two methods. The expected and observed ratios based on XGB450

and RF compare well. The two ratios defined with respect to AdaBoost are found to be451

higher in data than expected. This discrepancy remains unexplained. It may indicate that452

the XGB and RF samples are contaminated, in the same way, by non-SN backgrounds.453
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Figure 9: Venn diagram for SNLS3 data photometrically classified by three di↵erent al-
gorithms with the purity set to 95%. Color code as follows : overlap between the three
methods in mauve, overlap between RF and XGB (Ada) in beige (light blue), between XGB
and Ada in purple, pure RF in green, XGB in pink and Ada in dark blue. The total number
of classified events for each method are given in Table 3.
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Table 3: Numbers of events classified as SNIa by the three methods with a given purity
of 95%. The first line gives the numbers drawn from the selected SNLS3 sample and the
next three lines give the numbers for the spectroscopically and photometrically identified
subsamples [16], [6], [7].
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The super-Chandrasekhar type Ia and the 1991T-like object are not classified as type Ia SNe459

by any of our methods.460

Subluminous supernovae are found in our classified samples. In the case of Random461

Forest and AdaBoost classifications, 4 events are in the classified sample while 8 are included462

in the XGB sample. Despite our methods not being trained for disentangling normal type463

Ia and subluminous SNe, our photometric classification appears to have some e�ciency on464
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(a) SNIa purity (b) SNIa purity

(c) CC contamination (d) CC contamination

(e) SNIa inaccurate z contamination (f) SNIa inaccurate z contamination

Figure 8: SNIa purity and background contamination from simulated SN light-curves as
a function of redshift for di↵erent methods with a given purity of 95%. Left column :
photometric SN redshift, right column : real redshift. Same color code as in Figure 7.
Note how the CC SNe that are incorrectly classified as SNe Ia tend to have an assigned SN
photometric redshift that is much higher than their real redshift.
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is my sample purity changing with z?

simulations

Figure 7: Total e�ciency from synthetic SNIa light-curves as a function of the real simulated
redshift for di↵erent classification methods with the purity set to 95%. Random Forest (RF)
points are plotted with black dotted error bars, AdaBoost Decision Tree (Ada) with dashed
blue and Extreme Gradient Boosting (XGB) with solid yellow. Note that the total e�ciency
of XGB is higher than the other two methods at all redshifts.
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real redshift

how is my sample efficiency behaving ?

new photometric classification
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what is the best we can do? 
XGBoost purity 98% 

AdaBoost Random Forest XGBoost
% SNIa (CI = 4 or 5) 74± 3 87± 3 96± 2
% SNIa* (CI = 3) 58± 6 73± 6 88± 4

Table 4: Classification e�ciency for our three methods when compared with the confidence
index of the spectroscopic classification in [23].

cut SNLS3 events spectroscopic photometric simulated
in sample Ia CC Ia CC Ia%

SN-like 1483 246 42 486 109 50
selected 1193 238 30 481 77 47
classified 529 205 1 374 1 35

Table 5: E↵ect of selection cuts and classification (XGB) using SNLS3 data and synthetic
type Ia. The classifier threshold is adjusted so that the purity is 98%.

5.2.2 E↵ect of spectroscopic confidence index466

In Section 2.2 we split the spectroscopically confirmed type Ia SNe according to the confidence467

level of the spectroscopic identification. Table 4 shows the percentage of events correctly468

classified for each method and sub-class. All three methods in this work have a larger469

classification e�ciency for SNe Ia with the highest confidence index.470

6 Choosing a method: XGB with high purity 98%471

The best performing algorithm was found to be XGB with high achievable purity and e�-472

ciency. We chose to select a sample with a purity of 98.0 ± 0.3%. The corresponding total473

e�ciency is 34.7± 0.7%. We now study this sample in detail.474

6.1 E↵ect of selection cuts and classification475

The impact of the selection cuts and the classification is shown for data and synthetic SNe Ia476

in Table 5. The selection cuts (defined in Section 3.2) are shown to reduce the spectroscopic477

and photometric type Ia subsamples by 3.3% and 1% respectively. The core-collapse SNe478

are mainly discarded through classification. The two core-collapse events remaining after479

classification have both inaccurate photometric SN redshifts. The classified sample contains480

6 subluminous and 3 peculiar type Ia SNe from samples introduced in Section 5.2.1, and a481

spectroscopic type Ia that is classified with an inaccurate photometric SN redshift.482

6.2 Classification and photometric SN redshifts483

We investigate the impact of the accuracy of the fitted photometric SN redshifts on the484

classification. Figure 11 shows the comparison between spectroscopic and photometric SN485

redshifts for events in the classified sample when both redshifts are available. Contamination486

by core-collapse SNe is mostly due to events that have an inaccurate photometric SN redshift.487

Interestingly, those core-collapse SNe that were assigned correct photometric SN red-488

shifts were not classified as type Ia SNe by our method. A core-collapse event that has correct489

photometric SN redshift is an event that has colors and photometry consistent with a type490

Ia supernova(photometric SN redshifts are obtained under the hypothesis that the object is491
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data
SNLS3

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

Figure 12: Photometric SN redshift distribution of the XGB classified SNLS3 sample in
yellow (solid line) compared with spectroscopically (12a) and photometrically (12b) identified
test samples. Common events between samples are indicated. The photometric test sample
is that obtained in [6] using host-galaxy redshifts.

6.4 The e↵ect of the spectroscopic confidence index504

Spectroscopically identified type Ia SNe in SNLS3 with high confidence index CI = 4 or 5 (as505

defined in Section 2.2) have a photometric classification e�ciency of 90± 2%. Those events506

with a CI of 3 have an e�ciency in our analysis of 75±6%. SNe with CI = 3, are on average507

more distant than those with CI = 4 and CI = 5, so the photometry (and spectroscopy) will508

be noisier. This leads to a lower classification e�ciency.509

6.5 The e↵ect of light-curve quality510

We studied the performance of our classifier according to the quality of the available light-511

curves for type Ia SNe. The quality of light-curves was assessed through the number of512

exposures in the i and r filters before and after maximum light. In Figure 14, we show the513

percentage of correctly classified type Ia SNe as a function of the number of exposures in the514

previously mentioned filters.515

For type Ia SNe, the larger the number of measurements after maximum, the higher the516

percentage of correctly classified events. This occurs for all redshift intervals. High redshift517

events require, as expected, better sampling to be correctly classified.518

7 Conclusions519

In this paper, we presented a new method for photometrically classifying type Ia supernovae520

using photometric redshifts derived from SN light-curves and machine learning techniques.521

This work is the first time that machine learning has been used to classify high redshift522

supernovae from photometry alone. We show that a sample of SNIa can be photometrically523

classified with a purity that is greater than 95%. Compared to previous work using external524

host photometric redshifts and sequential cuts, we obtain a purer sample at an equivalent525

e�ciency.526
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interesting things…

- light-curve quality and classification 
- spectroscopic confidence index and photometric classification 
- what about peculiar type Ia? and subluminous?

all events classified events

 . (6 subluminous and 3 peculiar)  

new photometric classification
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summary

we want: 
1. trust our sample (purity) 
2. large number (efficiency) 

new photometric classification 
with supervised learning: 

• new algorithm SN photometric z 
•   evaluated with:  
    simulations and data

remember:  
-supervised learning relies on training.  
-found selection cuts very important. 
-type Ia diversity?

method to be applied to SNLS5

cosmology & photo SNe Ia?

A. Möller,V. Ruhlmann-Kleider, C. Leloup,J. Neveu, N. Palanque-Delabrouille,J. Rich, R. Carlberg,C. Lidman, C. Pritchet. (arXiv 1608.?) 


