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on the 1D case.
The transform is obtained through series of linear and non
linear operations on x. The linear operations are done through
the convolutions while the non linearities come from the use
of the absolute value on these convolutions. The use of the
latter allows fast convergence by the contractive property. The
ﬁrst convolutions x  ψλ1 are decomposing the signal into a
wavelet basis. A parallel can be made with the FFT and the
complex sine decomposition. We then take the absolute value
and deﬁne U1 := |xψλ1 | since we are interested in the energy
response of the ﬁlter. In addition, the application of the lowpass ﬁlter (father wavelet) φ brings time invariance (of length
depending on the φ support/bandwidth) for the ﬁrst scattering
coefﬁcients S1 := x  φ.

Abstract—With the computational power available today,
machine learning is becoming a very active ﬁeld ﬁnding its
applications in our everyday life. One of its biggest challenge is the
classiﬁcation task involving data representation (the preprocessing part in a machine learning algorithm). In fact, classiﬁcation
of linearly separable data can be easily done. The aim of
the preprocessing part is to obtain well represented data by
mapping raw data into a ”feature space” where simple classiﬁers
can be used efﬁciently. For example, almost everything around
audio/bioacoustic uses MFCC features until now. We present here
a toolbox giving the basic tools for audio representation using the
C++ programming language by providing an implementation of
the Scattering Network [2] which brings a new and powerful
solution for these tasks. We focused our implementation to
massive dataset and servers applications. The toolkit of reference
in scattering analysis is SCATNET from Mallat et al. 1 . This
tool is an attempt to have some of the scatnet features more
tractable for Big Data challenges. Furthermore, the use of this
toolbox is not limited to machine learning preprocessing. It
can also be used for more advanced biological analysis such
as animal communication behaviours analysis or any biological
study related to signal analysis. This implementation gives out of
the box executables that can be used by simple commands without
a graphical interface and is thus suited for server applications.
As we will review in the next part, we will need to perform data
manipulation on huge dataset. It becomes important to have fast
and efﬁcient implementations in order to deal with this new ”Big
Data” era.

I.

The structure itself of the network can be compared to
a Convolutionnal Neural Network where the ﬁlters are given
and fully determined by the meta parameters and not learned
during a training phase. This is an important difference in
term of computation time allowing good representation without
training. We have to keep in mind that ﬁlters generation is also
complex and time consuming.
The mapped data into the feature space can be used for
simple data analysis or data learning but it ﬁnds its best use in
classiﬁcation. In fact, this feature space is much more suited
for the use of linear classiﬁer. Note that in this implementation
we won’t look at the reconstruction problems since our main
goal is not to use the Scattering Network for compression
or reconstruction. Let’s look at the general picture of the
scattering network and analyse it brieﬂy.

FAST S CATTERING

A. Introduction
The Scattering Network aims to ﬁnd a better time-invariant
data representation after numerous transformations of an input
x. It’s been developed by Stéphane MALLAT and his team
and the only available implementation is in Matlab which
provides high-level programming but is not optimal in term
of execution time. In fact, this algorithm just started to be
applied in concrete challenges and already ﬁnds its limitations
in the required time to complete the transformation on massive
dataset. We will review its core ideas and the algorithmic
improvements that can be done. Finally our implementation
will be done in C++ for ﬁnal uses. We will focus our analysis

Fig. 1.

In this case, the scattering network is made of 3 layers.

1 http://www.di.ens.fr/data/software/scatnet/
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Scattering Network Architecture[4]
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Each layer has a speciﬁc low-pass ﬁlter (φi , i = 1, 2, 3) and
high-pass ﬁlter banks (ψλ1 , ψλ2 , ψλ3 ). In our speciﬁc case of
1D signals, there is only one φ per layer (only one orientation).
We can thus associate a wavelet dictionary for each level i by
{φi , ψλi }. Given an input signal x of size N we perform the
low-pass decomposition S1 and a serie of high-decomposition
x  ψλ1 . Note that each convolution is then sub-sampled in
the time dimension leading to different output sizes for each
vector composing the resulting projection. The sub-sampling
only reduces coefﬁcient redundancy and depends on the ﬁlters
parameters.
Finally on these last convolutions is applied the absolute value
operation leading to the high-decomposition U1 (t, λ1 ) of the
ﬁrst scattering layer (which is a scalogram).
For the second layer, each one of the previous highdecomposition result (row of the scalogram) is treated as an
input signal and the same algorithm is performed again. Details
about this will be given in the scattering layer sectionII-C
but we can already note that the meta parameters are speciﬁc
to each scattering layer. Finally let’s review what the meta
parameters are about :
•

Or in the Fourier domain :
ψ̂(ω; ω0 , σ0 ) = H(ω)exp

Q determines the quality factor (the number of ﬁlters
per octave)

•

J determines the number of octave to go through in
the high-pass decomposition.

•

P E (Periodization Extent) is the constant used in the
ﬁlter periodization (1 by default)

(ω−ω0 )2
2
2σ0

(3)

Note that Morlet ﬁlters are actually another name for Gabor
kernels. The difference between the Gabor function (non-zeromean function) and the Gabor kernel (zero-mean function) is
that the Gabor kernel satisﬁes the admissibility condition for
wavelets (integral equals to 0), thus being suited for multiresolution analysis. The admissibility condition ensures that
the inverse transform and Parseval formula are applicable.
C. Scattering Layer
b) Decomposition Implementation: The core of the
algorithm lies in this decomposition. Firstly, the convolutions
deﬁned in the section I-A are redundant and so a sub-sampling
is applied so that following operations are applied with less
computation time. This implies a reduced output length and
faster overall decomposition. Note that the sub-sampling will
actually be done in the Fourier domain. In fact, we will
periodize the result in the frequency domain in order to subsample in the time domain to obtain the desired output size.

T determines the φ support/bandwidth, this is basically the time invariant window. Taking a great T leads
to huge time invariance but at the cost of variance (and
information) loss with respect to the time dimension.
We have the relation T = 2J

•

−

II.

S CATTERING N ETWORK FAST I MPLEMENTATION

A. Meta-Parameters
In order to respect the scattering network architecture,
this toolbox uses a speciﬁc structure : MetaParam using
default parameters and a TtoJ method. Each layer has a set
of parameters which fully deﬁne the associated ﬁlter bank.
Let’s now see the details of each implementation level and
emphasize the implementation architecture used.
B. Filter Bank Creation

B. Filter Bank

Filters are created through the constructor of the Filter1D
class. Given meta-parameters and a support size, the constructor will initialize all the wanted variables and compute the
actual ﬁlters. Note that the Filter1D class has two children : the
MorletFilter1D and GaborFilter1D. These two specializations
have their own ﬁlter generation algorithm. This also means that
if one wants to implement a new ﬁlter, the only thing to do is
to create another class of the name of this ﬁlter, inherit from
the Filter1D class and implement the coefﬁcients generation
method.
Note that the constructor can be used in two different ways :

Filters are created given the meta-parameters, and the
signal length. Using this, the coefﬁcients σ (bandwidth) and
ξ (frequency center) are deduced.
The ﬁlters are directly computed in the Fourier domain
to speed up the decomposition algorithm, indeed we only
have to compute the FFT of the input followed by inplace
multiplications and the IFFT to perform the decomposition
algorithm. Here ξ corresponds to the central frequency and so
it is the global maximum position. It can be seen as a position
parameter while σ is a scale parameter. In practice,from a
mother wavelet, we derive all the wavelets (ﬁlters) with the
following formula (l being the scale/dilation and x being the
translation) :
ψl,x = l

−1/2

x − x
), l ∈ R+ , x ∈ R
ψ(
l

•

Giving support size, meta parameters, and the position
of the ﬁlter in this conﬁguration

•

Giving a support size, σ and ξ.

(1)

Let’s now look at the high-pass ﬁlter bank generated for a
scattering layer :

a) Filters: In this implementation, high-pass ﬁlters are
Morlet wavelets while low-pass ﬁlters are Gabor ﬁlters. The
Morlet wavelet is a plane wave (sinus) modulated with a
Gaussian :

c) Sparse Coefﬁcients: In addition, we know that the
ﬁlters have ﬁnite and small support relative to our domain
(by deﬁnition of wavelets), thus we will compute them only
on their support. In addition of reducing computation time
and memory usage for the ﬁlter generation, the decomposition
algorithm (convolutions/inplace multiplications) will be faster.

−x2
2

ψ(x; ω0 , σ0 ) = expiω0 x exp 2σ0

(2)
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Let’s look at the computation time of the ﬁlters when
applying the formula only on the effective support of the ﬁlters.

Fig. 2. Filters with support of 1024 bins (in Fourier domain), 8 wavelets per
octave through 5 octaves, with constant normalization

Fig. 3. Computation Time of the ﬁlters with different threshold values with
8 ﬁlters per octave on 6 octave

We thus deﬁne
supp(f, ) = [a, b] := I ⇐⇒ ∀x ∈ I, |f (x)| <

(4)

We will now compute the analytic formula to ﬁnd the support
of the Morlet ﬁlters given the mean and standard deviation :




ˆ0 , σ)) = [max ω0 − σ − log( )2, 0 , ω0 +σ − log( )2]
supp(ψ(.; ω
(5)
Proof:
−(ω−ω0 )2

>
ψ̂(ω; ω0 , σ) := 1{ω>=0} e 2σ2
(ω − ω0 )2
> log( ), ω ≥ 0
−
2σ 2
−(ω − ω0 )2 > log( )2σ 2
−ω 2 + 2ωω0 − ω02 > log( )2σ 2
−ω 2 + 2ωω0 − (ω02 + log( )2σ 2 ) > 0
−ω 2 + 2ωω0 − (ω02 + log( )2σ 2 ) = 0
=⇒ Δ = 4ω02 − 4(ω02 + log( )2σ 2 )
=⇒ Δ = −4 log( )2σ 2
√
−2ω0 ± Δ
=⇒ ωa,b =
−2
=⇒ a = ω0 − σ − log( )2

=⇒ b = ω0 + σ − log( )2

Fig. 4. Computation Time of the decomposition with different threshold
values with 8 ﬁlters per octave on 6 octave

One can now see (Fig.5) the generated ﬁlter bank with
ﬁnite support.

We require ∈ [0, 1] thus the quantity Δ ∈ R+ is positive
since (log( ) < 0). This condition is natural since we want to
disregard negligible coefﬁcients only.
In addition, one can notice that reducing the effective support
(removing small (< 1) but non-zero coefﬁcients) doesn’t mean
loosing information. In fact, as long as the whole frequency
spectrum is covered by the ﬁlter bank, there is no reconstruction error. A sufﬁcient condition to guarantee reconstruction is
given by :

Fig. 5.

Morlet Wavelet with the φ ﬁlter in red

C. Layer Implementation
The role of this class is to be the link between the input
x, the meta parameters, and the ﬁlter banks by performing the
decomposition process. Firstly, this class takes a 2D input (the
input signal x has to be transformed for the ﬁrst layer). This
allows an easy link between layers by directly setting the input
of the next one as the output of the previous one.

supp(ψi+1 ) ∩ supp(ψi ) = ∅, ∀i
The difference will actually be in the representation which
will become less redundant from scale to scale in the case of
almost non overlapping ﬁlters.
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2) Computation Time: Using all the available optimization
without the use of the ﬁlter bank IO (thus generating the ﬁlters
every time) this toolbox needs about 20% of the signal duration
(using one CPU of 2.5 GHz, in the case of a frequency sampling of 96 kHz) to perform the loading of the wav, scattering
decomposition and the saving of the scattering coefﬁcients into
a .txt ﬁles). This required time obviously varies with the metaparameters, the ones used here are generic (also used for the
classiﬁcation challenge presented later). Note that using the
ﬁlter bank IO will lead to better performance on huge dataset
by not recomputing the ﬁlters for every signal. The Scatnet
implementation available in Matlab requires almost 400% of
the signal time to perform the decomposition algorithm. This
can be further improved by using standard meta-programming
techniques in C++ and better optimization schemes.
Note that this toolbox is now used as the reference implementation for the scattering decomposition on ENS and UTLN
servers for massive dataset decomposition (such as bioacoustic
challenges).

Given the input, private variables are computed determining
the structure of the class by computing variables that will be
passed to the next layer such as the size of the output (given
the input size and the number of ψ ﬁlters : Q × J). After this,
the ﬁlters are generated using the Filter1D class and the sparse
approach. The decomposition can now be performed.
Note that the decomposition is stored as a 2D matrix for every
layer. Normally, layer i has a dimension of i + 1 which is not
true in term of memory management. In fact, in this toolbox,
the graph structure of the scattering network (I-A) has been
kept through 2D matrices. For example for the second layer
if we have |λ1 | ﬁlters for the ﬁrst layer and |λ2 | ﬁlters for the
second layer, the U2 matrix will be :
⎞
⎛
||x  ψλ1 =1 |  ψλ2 =1 |
⎜ ||x  ψλ1 =2 |  ψλ2 =1 | ⎟
⎟
⎜
...
⎟
⎜
U2 := ⎜
⎟
⎜ ||x  ψλ1 =1 |  ψλ2 =2 | ⎟
⎝ ||x  ψλ =2 |  ψλ =2 | ⎠
1
2
...

III.

B ENCHMARK AND B IOACOUSTIC C LASSIFICATION

D. Optimizations and Computation Time

A. Challenge Description

1) Filter Bank Optimizations: Since we want to use this
implementation on massive dataset, it is mandatory to optimize
the implementation.

The task is focused on bird identiﬁcation based on different
types of audio records over 999 species from South America
centered on Brazil. Additional information includes contextual
meta-data (author, date, locality name, comment, quality rates).
The main originality of this dataset is that it was built through
a citizen sciences initiative conducted by Xeno-canto, an international social network of amateur and expert ornithologists.
This makes the task closer to the conditions of a real-world
application:

The best way to improve the required time to perform
the decomposition is around the ﬁlters (allocation, sparse
creation, application). In fact, FFT/IFFT and the periodization
algorithms already use efﬁcient and optimal algorithms.
By only keeping the support of ψ we can improve the
creation process but more importantly when we apply the
operation x̂. × ψ̂λ1 we only need to perform it on the support
and set all the other coefﬁcients to 0. Doing this is really
efﬁcient by the natural sparsity of the ﬁlters as shown before
(2).
Now that we only save part of the coefﬁcients, the dimension
is reduced and it is even possible to optimize again the ﬁlters
creation. We know that ﬁlters are completely determined by
the size of the input N and the meta parameters Q and J. So
in other word, it is possible to create ﬁlter bank dictionaries
and save them in .txt ﬁles thus when we need to decompose a
signal, we only need to load them and not explicitly compute
them every time. This is particularly practical since the input
size should be be a power of 2 to be the most efﬁcient
(true O(n log(n)) complexity). Thus, the number of different
combination of parameters is tractable.
By doing so, when we treat for example thousands of ﬁles, we
will only load a few ﬁlter banks prior to the decomposition.
Now, if we use the implementation in a loop over several
signals, it is even possible to ﬁrst load the ﬁlters and then
perform all the decomposition without having to load ﬁlters
every time.
Note however that this optimization is not always doable.
In fact, the use of this toolbox on other platform/servers or
just because the user doesn’t want IO operations for example,
requires to actually compute the ﬁlters every time. In this case,
the generating algorithm has been optimized using standard
C++ optimization techniques such as loop-unrolling, inplace
methods,...

•

audio records of the same species are coming from
distinct birds living in distinct areas

•

audio records by different users that might not used
the same combination of microphones and portable
recorders

•

audio records are taken at different periods in the
year and different hours of a day involving different
background noise (other bird species, insect chirping,
etc)

The data is built from the outstanding Xeno-canto collaborative database (http://www.xeno-canto.org/) involving at the
time of writing more than 192k audio records covering 9120
bird species observed all around the world thanks to the active
work of more than 2020 contributors.
The subset of Xeno-canto data that will be used for the
task will contain 33203 audio recordings belonging to the 999
bird species having the more recordings in the union of Brazil,
Colombia, Venezuela, Guyana, Suriname and French Guiana
Xeno-canto recordings. The amount of 999 classes will clearly
go one step further previous benchmarks (80 species max) and
foster brave new techniques. On the other side, the task will
remain feasible with current approaches in terms of the number
of records per species and the required hardware to process that
data. Detailed statistics are the following:
•
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minimally 14 recordings per species (maximum >
200)

•

minimally 10 different recordists, maximally > 40,
per species.

length whatever the input signal length was. Note that it is now
possible to analyse each vector by a ”vertical” component with
the Joint-Scattering that has just been developed by the ENS
team.

Note that this year’s challenge is two times bigger (in term of
different classes and dataset size) than last year’s challenge.
The best submission last year reached a MAP of 35%.

d) Prediction: Finally the classiﬁcation will be made
using a two-layer perceptron (with a multinomial logistic
regression for class prediction as the last layer). This classiﬁer
will only be optimized through the number of hidden nodes
for the hidden layer.
Note that other approaches are possible, this could be made
with SVM, random forests,...

This Challenge is organized by Pr. Glotin, Pr. Joly and
Xeno Canto since 2014 following Challenges launched by Pr.
Glotin and al. for NIPS4B 2013, ICML4B 2013 which were
under the massive dataset project MI CNRS MASTODONS
in the Scaled Acoustic Biodiversity project. SABIOD.ORG is
organized by Pr. Glotin (UTLN) now with the collaboration of
LifeClef (Clef Challenge).

e) Sub-training set: This is obviously not possible
to test algorithms on the whole training set. The common
approach is to create a sub-training set where tests are made.
This puts a condition : this set has to be representative and
has to include all the difﬁculties and most of the special
cases of the task. This has been done for example for image
classiﬁcation where algorithms are trained on CIFAR10 to then
be generalized to the CIFAR100 challenge. We will use a subtraining set of 45 classes each one having 15 examples.

B. Problem Approach
The goal of any classiﬁcation task is to ﬁnd a way to learn
(not necessarily in a supervised way) the underlying structures
of the data in order to then generalize it for classiﬁcation of
unseen examples. In our case, we start with a set (the training
set) made of raw signals (vectors) and corresponding labels
(scalars): (x, y).
Our goal is then to ﬁnd a classiﬁcation process f from the
input space to the set of labels X → Y such that when
given a new unseen example x, f (x) predicts its most
likely belonging class. This process is usually a multi-step
algorithm, ﬁrst mapping data into new feature spaces where
we can then more easily apply a classiﬁcation algorithm. A
simple approach is to ﬁrst ﬁnd a new (more informative)
representation of the signals into this new feature space. By
doing so we wish to gain discriminative information while
reducing the non informative variance (through denoising for
example). In the end we want to have mapped the data into
a new space where examples from the same class will be
similarly represented and data from different classes will be
easily separable.

f) Comments: The use of an Artiﬁcial neural Network
means that lots of ﬁne-tuning can be done (L1/L2 norm
penalty,learning rate,batch size,...) but our focus here remains
on the preprocessing part and how can we ﬁnd a good mapping
for a bioacoustic dataset.
IV.

C LASSIFICATION A LGORITHMS USING THE
S CATTERING N ETWORK

A. Second Scattering Coefﬁcients
1) Architecture: This ﬁrst model is based on the second
scattering coefﬁcients. The time dimension will be suppressed
by aggregating the information using the mean, max and
standard deviation of the coefﬁcients.
The scheme is as follow :

Raw Data (wav ﬁle)
↓
Denoising Transformation
↓
Dimensionality Reduction Feature Selection
↓
Classiﬁcation

Raw Signal Input x(t) ∈ RN
normalization → x(t) ∈ [−1, 1], 0 ≤ t ≤ N
↓
|x  ψλ1 | := U1 (t, λ1 )
↓
U1  φ2 := S2 (t, λ1 )

a) Input: The input in this task is the raw wav ﬁle
recorded with a sampling frequency of 48 kHz. Recording
devices are not necessarily the same and signals structures
are different (background noises, geographic locality, recorder
quality ,...). The lengths of the signals are also really unequal
(from 0.1 second to 45 min) and the ratio of the bird presence
over the signal length is inconsistent from signal to signal.

(6)

Where we have :
U1 (t, λ1 ) =

S2 (t, λ1 ) =

b) Preprocessing: The key part of our approach concerns the preprocessing part and more speciﬁcally the scattering network architecture and the impact of its coefﬁcients. In
addition, denoising will be part of it so our whole preprocessing part will be made of the scattering network.

|x  ψλ1 =1 |
|x  ψλ1 =2 |
...

∈ R|λ1 |×N1

|x  ψλ1 =1 |  φ2
|x  ψλ1 =2 |  φ2
...

∈ R|λ1 |×N2

Then we aggregate the time component using basic descriptive statistics (mean, standard deviation, max) leading to the
actual feature vector which is a concatenation of the following
basic statistics :
|λ1 |
N2

t=1 S2 (t, λ1 )
∈ R|λ1 |
S2 :=
N2

c) Feature Selection: By the use of the scattering network, the features (scattering coefﬁcients) will be aggregated
over the time dimension using different simple statistics.This
way, we bring global time invariance and have features of same

λ1 =1
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⎛

 ⎞|λ1 |

 N2 S (t, λ ) − S (t, λ ) 2
2
1
2
1
⎜ t=1
⎟
⎟
∈ R|λ1 |
(σ(S2 )) := ⎜
⎝
⎠
N2
λ1 =1




|λ1 |
max(S2 ) := max(S2 (t, λ1 ))
∈ R|λ1 |
t

t

λ1 =1

This choice comes from the fact that the time component
contains informations about the interesting (and most likely
discriminative) behaviours of the bird songs. However, the
location in time of these features is not at all required to
classify a signal. This is why time-invariance is such an
important property.
The degrees of freedom of the model are (T2 , Q1 , J1 , h1 )
with h1 being the number of hidden neurons in the classiﬁer.
The parameters Q1 and J1 are chosen a priori knowing the
communication behaviours of birds (Q1 = 8, J1 = 5).
Thus, the parameters T2 and h1 will have to be selected by
optimizing the classiﬁcation accuracy. A common method to
select a coefﬁcient is cross-validation. We basically compute
the accuracy of the trained model for each value and then keep
the best one. Obviously, the values to be tested can be a priori
reduced or inﬂuenced using some probabilistic methods for
example.
2) Cross-validation : T: The parameter T2 has to be crossvalidated since it is not easy a priori to determine the amount
of time invariance we want to introduce. In fact, having a
large T2 can reduce the variance but this can hide some
discriminative informations (the structure of fast bird calls for
example) and so can make two different birds have the same
scattering representation. On the contrary, having a too small
T2 will leave us with a huge variance which will be mainly
made of noise (thus non informative). Having the chance to be
in a supervised learning task, applying cross-validation on this
parameter is the best way to maximize our prediction accuracy.

Fig. 6.

The 80 mean features for the ﬁrst 25 classes.

Fig. 7.

The 80 standard deviation features for the ﬁrst 25 classes.

4) Cross-validation : h1 : Finally, the classiﬁer itself needs
some ﬁne-tuning. The main parameter is the number of hidden
neurons for the hidden layer of our two-layer perceptron.
We now have our (close to the) best conﬁguration from
the scattering network parameters to the classiﬁer using 150
neurons. Note that the learning rate, the momentum, the L1/L2
norms conditions are left with the default ”rule-of-thumb”
values.
5) Results Summary and Discussions: After every step of
the cross-validation process we end up with a classiﬁcation
accuracy of 32% for 45 classes and with a feature vector of
size 80. It is clear that we lack information about the structure
of the scattering coefﬁcients. With the standard deviation we
don’t have access to information such as the repartition of
the coefﬁcients (rithmicity), the transition probabilities,... One
way to capture more information without having to use more
complicated statistics is to use a second scattering layer which
will actually capture some of this missing information by its
underlying (more complex) structure.

3) Cross-validation : Features: Not only the representation
has to be tuned but the features computed from it have to
be chosen too. At a ﬁrst shot we might say that the most
simple (but informative) statistics are the mean, maximum
and standard deviation. More complicated features could be
computed from the scattering coefﬁcients such as the Discrete
Cosine Transform, allowing time invariance while keeping
informations on the structure of the scattering coefﬁcients for
example.
Even with these 3 simple statistics, we can see (Fig. 6, 7,
8) that the features can be correlated. Let’s look at a plot of
each statistics for the ﬁrst 25 classes. Each column is a feature
vector made of 80 coefﬁcients (the statistics for the 80 lines
of the scattering). Since we have 15 examples by class we end
up with a matrix feature of size 80 × 15 for each class.

B. Third Scattering Coefﬁcients
1) Architecture: The architecture now is an extension of
the last one. We compute a ﬁrst layer which is then used to
compute a second scattering layer to then apply the features
computation and the classiﬁcation algorithm.

We can now see in Fig. 6, Fig. 7 and Fig. 8 the different
statistics for all the sub-training set.
The standard deviation features provide the best information, we will then keep this conﬁguration meaning that with
only 80 coefﬁcients we are able to reach the best accuracy for
the given architecture.

We have then U1 and S2 as previously deﬁned plus :
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We will then keep this version of the algorithm by using
informations from the ﬁrst layer and the second layer. This is
natural since we need both to keep the information about the
signal. For example when looking at reconstruction problems,
the coefﬁcients of all the layers have to be kept in order to
have better reconstructions.

Fig. 8.

4) Results Summary and Discussions: By using two layers
we are able to reach an accuracy of 33% for 45 classes using a
feature vector of size 1280 + 80 which is reasonable and after
optimizing the number of hidden neurons (4000).
It is clear that the parameters Q2 and J2 are sub-optimal
because we should try to optimize not only the combination
that brings a rich representation but also the one that has
the best compromise of information gain over dimensionality.
However, the option to optimize simultaneously all the ﬁlter
bank coefﬁcients (T3 , Q2 , J2 ) involves high level machine
learning techniques and wasn’t used here.
Finally, the accuracy gain (compared to the accuracy of the
one layer architecture) doesn’t justify the use of a second
scattering layer. The reason for this small improvement is
also the dimension of the feature vector compared to the
information gain.
One way to mitigate this problem might be to use some sort
of dimensionality reduction on this second scattering layer
through a possible hard thresholding (we aim to eliminate the
values not coding information about the birds for example).

The 80 maximum features for the ﬁrst 25 classes.

⎞
⎛
||x  ψλ1 =1 |  ψλ2 =1 |
⎜||x  ψλ1 =2 |  ψλ2 =1 |⎟
⎟
⎜
...
⎟
⎜
U2 (t, λ1 , λ2 ) = ⎜
⎟ ∈ R|λ1 |∗|λ2 |×N3
⎜||x  ψλ1 =1 |  ψλ2 =2 |⎟
⎝||x  ψλ =2 |  ψλ =2 |⎠
1
2
...
⎞
⎛
U2 (t, 1, 1)  φ3
⎜U2 (t, 2, 1)  φ3 ⎟
⎟
⎜
...
⎟
⎜
S3 (t, λ1 , λ2 ) = ⎜
⎟ ∈ R|λ1 |∗|λ2 |×N4
⎜U2 (t, 1, 2)  φ3 ⎟
⎝U2 (t, 2, 2)  φ3 ⎠
...

C. Two Layers with U2 aggregation
1) Architecture: The aim of this new approach is to
combine the information gain of the second scattering layer
while ﬁnding the best compromise between dimensionality
and information. In order to do so a natural approach is to
see that not all the ψλ2 ﬁlters are suited to encode the bird
song behaviours. It is then natural to try to put some kind of
thresholding at this level. Multiple approaches can be used.
The one used here is to simply make a linear combination
of the U2 decomposition with respect to the λ2 dimension.
Another approach could be to directly ﬁnd the best wavelets
for the second layer through some sparse coding techniques.
Let’s see the scheme :

We now compute the statistics on S3 leading to a feature
vector of greater dimension. We will also explore the case
where we concatenate the feature of S2 and S3 .
The degrees of freedom are now : Q1 , J1 ,T2 , Q2 , J2 , T3
and h1 with h1 being the number of hidden neurons in the
classiﬁer. The parameters T2 , Q1 , J1 are chosen to be the
optimized coefﬁcients of the one-layer case. The parameters
Q2 and J2 are chosen a priori (2, 8) thus we are left with
T3 and h1 . In fact the number of hidden neurons has to be
optimized again since the input features won’t be of the same
structure (dimension and underlying relations). Once again
these parameters will be optimized through cross-validation.

U2 (t, λ1 , λ2 )

2) Cross-validation : T3 : The ﬁrst parameter to crossvalidate is the T3 coefﬁcient which deﬁnes the φ3 and (Q2 , J2 )
for ψλ2 ﬁlter bank. A too small T3 makes the discriminative
information non relevant from the noise, while with higher
T3 we can have better contrast until we reach a point where
once again the invariance implies the loss of discriminative
information.

→

U2 (t, λ1 , λ2 )
↓
|U2  ψλ3 | := U3 (t, λ1 , λ2 , λ3 )
↓
U3  φ4 := S4 (t, λ1 , λ2 , λ3 )

(7)

Where we have, using the previous notations :
U2 (t, λ1 , λ2 )

3) Cross-validation : features: It is interesting to note
that the mean features always seem to be far behind, but also
that the full vector has a dimension of 1280 × 3 and is still
better than the mean alone thus the dimensionality reduction
by a factor of 3 doesn’t compensate the loss of information
induced by not using either the max or the std coefﬁcients.

=

|λ2 |


ki ∗ U2 (t, λ1 , i)

i=1

U2 ∈ R|λ1 |×N
Clearly the point is not only to reduce the dimension
but also to introduce some thresholding (by weighting the
contribution of the given ψλ2 with a βi . The set of weighting
coefﬁcients can be optimized by multiple techniques. The most
natural one could be to try to ﬁnd some clustering of the data
vectors and to take the centroid properties for the weighting.
Since the aim of this section is to prove the usefulness of

Now we can also try to add the coefﬁcients of the ﬁrst
scattering layer leading to a feature vector with basically
[std(S2 ), max(S3 )]. The dimension will be greater by 80
coefﬁcients so we have a feature vector of size 80+80×2×8.
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this approach, only two sets of coefﬁcients will be tested and
compared. The ﬁrst one is by taking all the coefﬁcients equal
to 1 thus there are no thresholding but aggregation of the λ2
component. The second approach will be done using βi of
a pyramidal shape (attenuating the ﬁrst and last ψλ2 ﬁlters
contributions. Let’s ﬁrst look at some examples of what we
are trying to threshold.
2) Examples: There are 2 different signals and each time
is presented the U2 for each ψλ2 . The second plot is then a
linear combination of these by groups of 3. Note that these
representations are made with the coefﬁcients Q2 = 1, J2 =
14.

Fig. 11. Signal name : RN1017.wav, each subplot i = 0, ..., 14 represents
||x  ψλ1 |  ψλ2 =i |, the application of the ith ψ ﬁlter of the second ﬁlter
bank on U1 which are then re-normalized independently.

Fig. 9. Signal name : RN5821.wav, each subplot i = 0, ..., 14 represents
||x  ψλ1 |  ψλ2 =i |, the application of the ith ψ ﬁlter of the second ﬁlter
bank on U1 which are then re-normalized independently.


Fig. 12. Each subplot j = 0, 1, 2 is equal to 4i=0 U2,j∗5+i representing
an element wise addition of the previous subplots (5 by 5 with βi = 1∀i so
no thresholding of a particular ψλ2 =i )

3) Constant Weighting: In this case we are using βi = 1, ∀i
if we are treating the normalized decompositions, thus we
use βi = max(|U1 ψ1 λ =i |φ3 ) in order to have a ”normalized
2
version” of the decompositions. The thing here is not to
threshold but to aggregate the information in order to reduce
the feature vector length. it is import to note that the features
computed (mean,max,std) are sensitive to this change.
Once again, we need to cross-validate the T3 coefﬁcient.
We can then reach an accuracy of 35% by simply aggregating information. Even though the improvement is not great
(only 2%) we will now see that introducing active weighting
can better improve this result.

4

Fig. 10. Each subplot j = 0, 1, 2 is equal to i=0 U2,j∗5+i representing
an element wise addition of the previous subplots (5 by 5 with βi = 1∀i so
no thresholding of a particular ψλ2 =i )

4) Pyramidal Weighting: The coefﬁcients βi are now of the
pyramidal form and then the coefﬁcients are weighted by the
normalization so : βi ∗ = max(|U1 ψ1 λ =i |φ3 ) thus, we hardly
2
threshold the extreme cases. This is from the fact that insects
are usually present for the ﬁrst ﬁlters and background noises

In this last case we can see that a ”denoising” technique
could be efﬁcient.
Note that before the linear combination all the layers have been
normalized independently from each other so their values are
between 0 and 1.
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are encoded by the last ﬁlters.
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It is clear that the weighting is playing an important role for
the accuracy. We are able to reach 39% of accuracy with this
coefﬁcients and architecture which is yet another improvement
from constant coefﬁcients.
V.

C ONCLUSION

The presented challenge is a unique experience for
testing algorithms around bioacoustic classiﬁcation. This task
contains all the main difﬁculties and problems encountered in
a real life problem while involving a huge dataset.
We have seen that the scattering transform provides a
wonderful new data representation but it is not yet easy
to know how to extract features from its coefﬁcients. We
obviously didn’t try every possible algorithm but the idea
of thresholding/combination in the λ2 dimension seems to
be interesting. The key part is to be able to capture feature
with a time-invariant algorithm in term of the position
of the feature in a signal, but, we need to keep a ”time”
component to analyse frequencies evolution inside the features.
Given the massive dataset it has also been a unique experience to learn ways and methods to deal with computational
limitations and the challenge deadline. more importantly, this
has helped to deeply understand the scattering network and the
pre-processing part in general when trying to apply machine
learning algorithms for a given task.
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