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Ideas generales

• Queremos predecir los valores futuros de las variables 
observables de un sistema, para simular y comparar la 
realidad con el modelo, en diferentes circunstancias: 

• Cuando sabemos poco acerca del problema 

• Cuando conocemos alguna propiedad o restricción  

• O bien no queremos predecir las variables, sino detectar 
un evento que no sea evidente, como un cambio en la 
dinámica del sistema.



Queremos  
adivinar el futuro Modelos predictivos



Sabemos poco  
del problema

Pure data-driven methods



Modelos lineales: Algoritmos de realización (ERA)

LINEAR STATE-SPACE SYSTEM IDENTIFICATION: EXCERPTS
FROM THE BOOK “APPLIED SYSTEM IDENTIFICATION”, BY

JER-NAN JUANG

LUCIANO SÁNCHEZ

1. Meaning of variables

Name Description type
x State space column vector of dimension (n⇥ 1)
u Input column vector of dimension (r ⇥ 1)
y Output column vector of dimension (m⇥ 1)
n Order integer
r Number of inputs integer
m Number of outputs integer
` Size of the training set integer
p Number of non-null observer Markov parameters integer

2. Time-Domain Models

Time invariant systems can be represented by

x(k + 1) = Ax(k) +Bu(k)(1)

y(k) = Cx(k) +Du(k)(2)

where x, u and y are the state (n⇥1), control or input (r⇥1), and output (m⇥1) vectors,
respectively.
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2.1. Weighting Sequence Description. Solving for the output y(k) with zero initial
condition from Eqs. 1 and 2 in terms of the previous inputs u(i) (i = 0, 1, 2, . . . , k) yields

x(0) = 0

y(0) = Du(0),

x(1) = Bu(0),

y(1) = CBu(0) +Du(1),

x(2) = ABu(0) +Bu(1),

y(2) = CABu(0) + CBu(1) +Du(2),

...

x(k) =
kX

i=1

Ai�1Bu(k � i),

y(k) =
kX

i=1

CAi�1Bu(k � i) +Du(k)

(3)

To observe the response to a pulse in one of the input variables, let u
i

(0) = 1 (i = 1, 2, . . . , r)
and u

i

(k) = 0 (k = 1, 2, · · · ) be substituted into Eqs. 1 and 2. When the substitution is
performed for each input, the results can be assembled into a sequence of pulse-response
matrix Y

k

with dimension (m⇥ r) as follows:

(4) Y0 = D, Y1 = CB, Y2 = CAB, . . . , Y
k

= CAk�1B

The constant matrices in the sequence are known as system Markov parameters.
Markov parameters can be obtained from experimental data by di↵erent methods, and
are the basis or identifying mathematical models for linear dynamical systems.

Using the definition of Markov parameters in Eq. 4, the output of the system can be
rewritten as

(5) y(k) =
kX

i=0

Y
i

u(k � i)

The contribution to the output at time step k by the input applied at time step k and at
previous time steps k� 1, k� 2, · · · are weighted by the pulse response sequence (Markov
parameters). For this reason the pulse response sequence is also known as the weighting
sequence, and this input-output description is called the weighting sequence description. If
the system is asymptotically stable, the summation in Eq. 5 can have a finite approximation
because in this case the weighting sequence may be truncated after a finite number of terms.



Modelos lineales con observador (ERA-OKID)

SYSTEM IDENTIFICATION 3

The input-output description of a system describes only the relationship between the
input and the output under the assumption that the initial condition is zero or that the
system is in the condition of a steady state.

2.2. State-Space Observer Model. A state-space model of a linear system describes
the system input and output via a quantity called the state vector. However, the state
vector itself is, in general, not accessible for direct measurement. A state estimator, also
known as an observer, can be used to provide an estimate of the system state from input
and output measurements.

Let the state space b rewritten by adding and subtracting a term Gy(k), with an arbi-
trary matrix G of dimension (m⇥ n), to yield

(6) x(k + 1) = Ax(k) +Bu(k) +Gy(k)�Gy(k)

thus

x(k + 1) = Ax(k) +Bu(k) +G(Cx(k) +Du(k))�G(Cx(k) +Du(k))(7)

= (A+GC)x(k) + (B +GD)u(k)�Gy(k)(8)

Define

Ā = A+GC

B̄ = [B +GD �G]

v(k) =


u(k)
y(k)

�(9)

the original system becomes

x(k + 1) = Āx(k) + B̄v(k)(10)

y(k) = Cx(k) +Du(k)(11)

These equations constitute a discrete-time state-space observer-model of a dynamical
system. The eigenvalues of Ā are moved by a consequence of the additional term GC and
the number of columns in B̄ is increased relative to those of B by the number of outputs,
m. Because the matrix G can be arbitrarily chosen, Ā can be made as asymptotically
stable as desired. The optimal choice will be discussed later.

The role of G in the above development can be interpreted in terms of an observer. The
system in the preceding equations has the observer form

x̂(k + 1) = Ax̂(k) +Bu(k)�G[y(k)� ŷ(k)](12)

ŷ(k) = Cx̂(k) +Du(k)(13)

where x̂ is an observer state vector and ŷ the estimated output. The initial condition for
the observer state vector is arbitrary. Substitution of the second equation into the first one
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Modelado basado en conocimiento de una batería de Li-Ion

Descripción de los ensayos

Baterías modeladas. De izquierda a derecha:
HUANYU (100Ah), CALB-SE (100Ah), HEADWAY (16Ah), GBS

ENERGY (60 Ah)
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Ejemplo: Modelo de baterías recargables para automoción
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Modelado basado en conocimiento de una batería de Li-Ion

Descripción de los ensayos

• Se realizan varios ciclos de cargas y
descargas completas con reposos
intermedios

• La cargas se hacen a corriente
constante hasta que la batería
alcanza una tensión de 3.6V, y
después a tensión constante

• Evolución de la tensión (negro) y la
corriente de carga/descarga (azul)
en un ensayo a 0.3C de una batería
de LiFePO�
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Ejemplo: Modelo de baterías recargables para automoción
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Modelado basado en conocimiento de una batería de Li-Ion

Modelo lineal

496 IEEE TRANSACTIONS ON COMPONENTS AND PACKAGING TECHNOLOGIES, VOL. 25, NO. 3, SEPTEMBER 2002

Fig. 1. Equivalent circuit representation of lithium-ion battery.

The most readily available data, whether from manufacturers’
data sheets or independent measurements, are the curves of ter-
minal voltage during constant-current discharge at constant tem-
perature. A second set of relevant data are the voltage following
a step change of current.

To fit all of these data, the model has three components:
1) an equilibrium potential ;
2) an internal resistance having two components

and ;
3) and an effective capacitance that characterizes the tran-

sient response of charge double layers in the porous elec-
trodes.

The electrical schematic of these components is shown in Fig. 1.
The roles of these components and the mathematical relations
that describe each are explained next.

A. Description of the Equilibrium Potential
The equilibrium potential of the battery (open-circuit voltage)

depends on the temperature and the amount of active material
available in the electrodes, which can be specified in terms of
state of discharge ( ). The discharge capacity of the battery
depends on the discharge rate and the temperature [20], [21].
Thus, we seek a general expression for the potential .

A 4-step procedure is used to model the equilibrium potential
based on experimental data.

1) First, a typical curve of battery voltage verses the depth
of discharge is chosen as a reference curve. The reference
curve can be arbitrarily chosen, but we suggest using a
curve near the median expected operating condition, usu-
ally at the 1-C or 0.5-C rate, to yield the highest overall ac-
curacy. The equilibrium potential as a function of the state
of discharge is found by excluding the internal poten-
tial losses due to ohmic-limitation, kinetic-limitation, and
concentration-limitation resistances. An nth-order poly-
nomial is fitted to that curve.

2) Secondly, the discharge rate (i.e., the current) for the ref-
erence curve is chosen as the reference rate. The depen-
dence of the state of discharge on rate is then accounted
for by a rate factor , which has value unity for the ref-
erence curve.

3) Thirdly, the temperature for the reference curve is chosen
as the reference temperature. The dependence of the state

Fig. 2. Determination of the rate factor for discharge current with respect to
the reference curve at dischrage rate .

of discharge on temperature is accounted for by a temper-
ature factor , which has value unity for the reference
curve.

4) In the fourth and final step, a potential correction term
is used to compensate for the variation of equi-

librium potential that is induced by temperature changes
at the reference rate. is zero at the reference
temperature.

The expressions for the potential, the terminal voltage and the
state of discharge, based on the above descriptions, can then be
given by

(1)

(2)

(3)

where is the coefficient of the th order term in the polyno-
mial representation of the reference curve and is the battery
capacity referred to the cutoff voltage for the reference curve.
For , is the open-circuit voltage at the begin-
ning of discharge at the reference temperature for the reference
curve.

The method to determine the rate factor for a discharge curve
is illustrated in Fig. 2, where data from a Sony18650 lithium
ion battery are used. The reference curve, indicated by squares
and corresponding to experimental data for 0.7 A discharge rate,
has unit discharge capacity (with respect to a cutoff voltage of
2.5 V). The polynomial fitted to the reference curve is shown by
the dashed line. The curve for which the rate factor is to be found
is shown by circles and corresponds to experimental data for a
0.28 A discharge rate. This curve has a larger discharge capacity
equal to . The solid line shown on the graph was obtained by
removing the excess internal loss from the reference curve (i.e.,
moving the dashed curve upward a distance equal to

Modelo eléctrico equivalente
de una batería de Li-Ion
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Predicción de la tensión

Predicción de carga acumulada

Tres ciclos de carga y descarga
a C/3 de la batería CALB-SE.
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Ejemplo: Modelo de baterías recargables para automoción



Modelos ERA y ERA/OKID para baterías

• Izquierda: Realización ERA, estado inicial conocido. Derecha: ERA/OKID 
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Modelado basado en conocimiento de una batería de Li-Ion

Modelos de caja negra: ERA-OKID
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Izquierda: CALB-SE C3 en bucle abierto, con OKID, orden 1, submuestreo de
96, periodo 8 minutos, 10 par. Markov observador, 25 par. markov
reconstruidos. Derecha: CALB-SE C3 con observador, en bucle cerrado, con
los mismos parámetros
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Modelado basado en conocimiento de una batería de Li-Ion

Redes neuronales
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Red neuronal recurrente en topología NARX
Batería CALB-SE; entrenamiento a C3, test a C
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Modelos no lineales: Redes neuronales NARX



Modelos basados en reglas o en reglas borrosas

• Compuestos de reglas sí-entonces 

• A veces son útiles para añadir información a mano 

• A veces sirven para explicar por qué el modelo toma una 
decisión 

• Complicados de paralelizar, más lentos que las redes 
neuronales 

• Permiten hacer correcciones 

• Pueden ser muy eficientes en problemas pequeños
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Modelado basado en conocimiento de una batería de Li-Ion

Fuzzy TSK
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Parte superior: CALB-SE C3 y C Fuzzy TSK recurrente, 2x2 labels/partición.
Parte inferior: CALB-SE C3 y C Fuzzy TSK no recurrente, 7x2 labels/partición
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Redes recurrentes: LSTMRedes recurrentes

• Each rectangle is a vector and arrows represent functions (e.g. matrix multiply). Input vectors are in 
red, output vectors are in blue and green vectors hold the RNN's state (more on this soon). From 
left to right: (1) Vanilla mode of processing without RNN, from fixed-sized input to fixed-sized 
output (e.g. image classification). (2) Sequence output (e.g. image captioning takes an image and 
outputs a sentence of words). (3) Sequence input (e.g. sentiment analysis where a given sentence 
is classified as expressing positive or negative sentiment). (4) Sequence input and sequence 
output (e.g. Machine Translation: an RNN reads a sentence in English and then outputs a sentence 
in French). (5) Synced sequence input and output (e.g. video classification where we wish to label 
each frame of the video). Notice that in every case are no pre-specified constraints on the lengths 
sequences because the recurrent transformation (green) is fixed and can be applied as many times 
as we like



Redes recurrentes: LSTMRedes recurrentes

• La capa oculta está 
evolucionando 
permanentemente y depende 
del estado x y de la entrada u

2

and can probably be anticipated and avoided to some extent). On a benchmark suite designed to
challenge long short-term memory acquisition, ESNs however still outperform Hessian-free trained
RNNs [22].

ESNs from their beginning proved to be a highly practical approach to RNN training. It is
conceptually simple and computationally inexpensive. It reinvigorated interest in RNNs, by making
them accessible to wider audiences. However, the apparent simplicity of ESNs can sometimes be
deceptive. Successfully applying ESNs needs some experience. There is a number of things that can
be done wrong. In particular, the initial generation of the raw reservoir network is influenced by
a handful of global parameters, and these have to be set judiciously. The same, however, can be
said about virtually every ML technique. Techniques and recommendations on successfully applying
ESNs will be addressed in this work.

We will try to organize the “best practices” of ESNs into a logical order despite the fact that they
are often non-sequentially interconnected. We will start with defining the ESN model and the basic
learning procedure in Section 2. Then we will detail out guidelines on producing good reservoirs
in Section 3, various aspects of training di↵erent types of readouts in Section 4, and dealing with
output feedback in Section 5. We will end with a short summary in Section 6.

2 The Basic Model

ESNs are applied to supervised temporal ML tasks where for a given training input signal u(n) 2 RN
u

a desired target output signal ytarget(n) 2 RN
y is known. Here n = 1, . . . , T is the discrete time

and T is the number of data points in the training dataset. In practice the dataset can consist of
multiple sequences of varying lengths, but this does not change the principles. The task is to learn
a model with output y(n) 2 RN

y , where y(n) matches ytarget(n) as well as possible, minimizing
an error measure E(y,ytarget), and, more importantly, generalizes well to unseen data. The error
measure E is typically a Mean-Square Error (MSE), for example Root-Mean-Square Error (RMSE)

E(y,ytarget) =
1

N
y

N
yX

i=1

vuut 1

T

TX

n=1

�
yi(n)� ytargeti (n)

�
2

, (1)

which is also averaged over the N
y

dimensions i of the output here.
The RMSE can also be dimension-wise normalized (divided) by the variance of the target

ytarget(n), producing a Normalized Root-Mean-Square Error (NRMSE). The NRMSE has an ab-
solute interpretation: it does not depend on the arbitrary scaling of the target ytarget(n) and the
value of 1 can be achieved with a simple constant output y(n) set to the mean value of ytarget(n).
This suggests that a reasonable model of a stationary process should achieve the NRMSE accuracy
between zero and one.

The normalization and the square root parts are more for human interpretability, as the optimal
output ytarget minimizing any MSE is equivalent to the one minimizing (1), as long as no additional
penalties or weighting are introduced into the equation, such as discussed in Sections 4.2 and 4.6.

ESNs use an RNN type with leaky-integrated discrete-time continuous-value units. The typical
update equations are

x̃(n) = tanh
�
Win[1;u(n)] +Wx(n� 1)

�
, (2)

x(n) = (1� ↵)x(n� 1) + ↵x̃(n), (3)

where x(n) 2 RN
x is a vector of reservoir neuron activations and x̃(n) 2 RN

x is its update, all at time
step n, tanh(·) is applied element-wise, [·; ·] stands for a vertical vector (or matrix) concatenation,
Win 2 RN

x

⇥(1+N
u

) and W 2 RN
x

⇥N
x are the input and recurrent weight matrices respectively, and

↵ 2 (0, 1] is the leaking rate. Other sigmoid wrappers can be used besides the tanh, which however
is the most common choice. The model is also sometimes used without the leaky integration, which
is a special case of ↵ = 1 and thus x̃(n) ⌘ x(n).

The linear readout layer is defined as

y(n) = Wout[1;u(n);x(n)], (4)
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solute interpretation: it does not depend on the arbitrary scaling of the target ytarget(n) and the
value of 1 can be achieved with a simple constant output y(n) set to the mean value of ytarget(n).
This suggests that a reasonable model of a stationary process should achieve the NRMSE accuracy
between zero and one.
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↵ 2 (0, 1] is the leaking rate. Other sigmoid wrappers can be used besides the tanh, which however
is the most common choice. The model is also sometimes used without the leaky integration, which
is a special case of ↵ = 1 and thus x̃(n) ⌘ x(n).

The linear readout layer is defined as

y(n) = Wout[1;u(n);x(n)], (4)

• La salida depende del 
estado y en algunos 
modelos también de la 
entrada



Redes recurrentes: ESN
Redes recurrentes para predicción de series 
temporales: Echo State Networks (ESN)

• Echo State Networks (ESNs)
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) the output weight matrix, and [·; ·; ·]
again stands for a vertical vector (or matrix) concatenation. An additional nonlinearity can be
applied to y(n) in (4), as well as feedback connections Wfb from y(n�1) to x̃(n) in (2). A graphical
representation of an ESN illustrating our notation and the idea for training is depicted in Figure 1.

The original method of RC introduced with ESNs [6] was to:

1. generate a large random reservoir RNN (Win,W,↵);
2. run it using the training input u(n) and collect the corresponding reservoir activation states

x(n);
3. compute the linear readout weights Wout from the reservoir using linear regression, minimizing

the MSE between y(n) and ytarget(n);
4. use the trained network on new input data u(n) computing y(n) by employing the trained

output weights Wout.

In subsequent sections we will delve deeper into the hidden intricacies of this procedure which
appears so simple on the surface, and spell out practical hints for the concrete design choices that
wait on the way. More specifically, Step 1 is elaborated on in Section 3; Step 2 is done by Equations
(2) and (3), with initialization discussed in Section 4.5; Step 3 is formally defined and options
explained in Section 4 with additional options for some particular applications in Section 5; and
Step 3 is again performed by Equations (2), (3), and (4).

3 Producing a Reservoir

For producing a good reservoir it is important to understand what function it is serving.

3.1 Function of the Reservoir

In practice it is important to keep in mind that the reservoir acts (i) as a nonlinear expansion and
(ii) as a memory of input u(n) at the same time.

There is a parallel between RC and kernel methods in ML. The reservoir can be seen as (i) a
nonlinear high-dimensional expansion x(n) of the input signal u(n). For classification tasks, input
data u(n) which are not linearly separable in the original space RN

u , often become so in the expanded
space RN

x of x(n), where they are separated by Wout. In fact, employing the “kernel trick” to
integrate over all possible reservoirs is also possible in the context of RC, even though not really
practical [23].

At the same time, (ii) the reservoir serves as a memory, providing temporal context. This is a
crucial reason for using RNNs in the first place. In the tasks where memory is not necessary, non-
temporal ML techniques implementing functional mappings from current input to current output
should be used.

Both aspects (i) and (ii) combined, the reservoir, being an input-driven dynamical system, should
provide a rich and relevant enough signal space in x(n), such that the desired ytarget(n) could be
obtained by linear combination from it. There is however some trade-o↵ between (i) and (ii) when
setting the parameters of the reservoir [24], which we will explain in more detail.
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and can probably be anticipated and avoided to some extent). On a benchmark suite designed to
challenge long short-term memory acquisition, ESNs however still outperform Hessian-free trained
RNNs [22].

ESNs from their beginning proved to be a highly practical approach to RNN training. It is
conceptually simple and computationally inexpensive. It reinvigorated interest in RNNs, by making
them accessible to wider audiences. However, the apparent simplicity of ESNs can sometimes be
deceptive. Successfully applying ESNs needs some experience. There is a number of things that can
be done wrong. In particular, the initial generation of the raw reservoir network is influenced by
a handful of global parameters, and these have to be set judiciously. The same, however, can be
said about virtually every ML technique. Techniques and recommendations on successfully applying
ESNs will be addressed in this work.

We will try to organize the “best practices” of ESNs into a logical order despite the fact that they
are often non-sequentially interconnected. We will start with defining the ESN model and the basic
learning procedure in Section 2. Then we will detail out guidelines on producing good reservoirs
in Section 3, various aspects of training di↵erent types of readouts in Section 4, and dealing with
output feedback in Section 5. We will end with a short summary in Section 6.

2 The Basic Model

ESNs are applied to supervised temporal ML tasks where for a given training input signal u(n) 2 RN
u

a desired target output signal ytarget(n) 2 RN
y is known. Here n = 1, . . . , T is the discrete time

and T is the number of data points in the training dataset. In practice the dataset can consist of
multiple sequences of varying lengths, but this does not change the principles. The task is to learn
a model with output y(n) 2 RN

y , where y(n) matches ytarget(n) as well as possible, minimizing
an error measure E(y,ytarget), and, more importantly, generalizes well to unseen data. The error
measure E is typically a Mean-Square Error (MSE), for example Root-Mean-Square Error (RMSE)
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The RMSE can also be dimension-wise normalized (divided) by the variance of the target

ytarget(n), producing a Normalized Root-Mean-Square Error (NRMSE). The NRMSE has an ab-
solute interpretation: it does not depend on the arbitrary scaling of the target ytarget(n) and the
value of 1 can be achieved with a simple constant output y(n) set to the mean value of ytarget(n).
This suggests that a reasonable model of a stationary process should achieve the NRMSE accuracy
between zero and one.

The normalization and the square root parts are more for human interpretability, as the optimal
output ytarget minimizing any MSE is equivalent to the one minimizing (1), as long as no additional
penalties or weighting are introduced into the equation, such as discussed in Sections 4.2 and 4.6.
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↵ 2 (0, 1] is the leaking rate. Other sigmoid wrappers can be used besides the tanh, which however
is the most common choice. The model is also sometimes used without the leaky integration, which
is a special case of ↵ = 1 and thus x̃(n) ⌘ x(n).

The linear readout layer is defined as

y(n) = Wout[1;u(n);x(n)], (4)
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Table 1. Influence of the charging current. Average quadratic error of OCV, obtained
from RNN, LSTM, ESN, �-ESN, ANFIS, and ARIMAX

C25 C5 C3 C2 C1

Abu-Sharkh 0.0003 0.0094 0.0080 0.0084 0.0110
Xu 0.0006 0.0086 0.0146 0.0153 0.0073

LSTM 0.0077 0.0301 0.0070 0.0066 0.0064

LSTM-dropout 0.0100 0.0295 0.0067 0.0083 0.0093
ESN 0.0056 0.0326 0.0083 0.0106 0.0083
�-ESN 0.1553 0.0854 0.0279 0.0132 0.0212
ANFIS 0.2026 0.2016 0.0731 0.0595 0.0334

ARIMAX(2,1) 0.0127 0.0391 1.0153 0.0165 0.0202

Table 2. Influence of the number of cycles without electrodeposition. Average
quadratic error of OCV, obtained from RNN, LSTM, ESN, �-ESN, ANFIS, and ARI-
MAX

New battery Middle life End of Life

Abu-Sharkh 0.0188 0.0197 0.0178
Xu 0.0229 0.0045 0.0051

LSTM 0.0016 0.0027 0.0069
LSTM-dropout 0.0015 0.0035 0.0033

ESN 0.0060 0.0131 0.0125
�-ESN 0.0132 0.0120 0.1972
ANFIS 0.0573 0.0913 0.0808

ARIMAX(2,1) 0.0494 0.0619 0.0603

Table 3. Influence of the number of cycles with electrodeposition. Average quadratic
error of OCV, obtained from RNN, LSTM, ESN, �-ESN, ANFIS, and ARIMAX

New battery Middle life End of Life

Abu-Sharkh 0.0188 0.0175 0.0194
Xu 0.0224 0.0053 0.0070

LSTM 0.0026 0.0026 0.0031
LSTM-dropout 0.0022 0.0019 0.0029

ESN 0.0054 0.0212 0.0639
�-ESN 0.0062 0.1506 0.0343
ANFIS 0.0639 0.1709 0.1549

ARIMAX(2,1) 0.0620 0.0447 0.0828



Conocemos parte del 
problema

Integración de conocimiento 
acerca del dominio del problema y 
métodos guiados por datos



Modelos semifísicos

• Introducimos conocimiento del problema mediante una 
analogía semifísica, normalmente mediante un sistema 
de ecuaciones diferenciales 

• Paralelizarlos es un gran problema para nosotros porque 
cada predicción depende de la predicción en el instante 
anterior
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Modelado basado en conocimiento de una batería de Li-Ion

Analogía física

I carga I pérdidas

C

V

• Analogía física de una batería: el caudal
de entrada es la intensidad de carga, el
caudal de salida son las pérdidas, la
altura es la tensión en bornes de la
batería, la carga es el volumen de
líquido almacenado y la capacidad,
cociente entre la carga y la tensión, es
el área de la base del depósito

• El depósito es flexible y al llenarse
tiende a aumentar su área C (modelo I)
o a disminuir la altura del líquido V
(modelo II)

Luciano Sánchez Ramos — Trabajo de Investigación — �� de abril de ����
Página ��/��
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Modelado basado en conocimiento de una batería de Li-Ion

Modelo semi-físico tipo II
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Modelos de Wiener monótonos

• Los modelos de transformación monótona no minimizan el error 
cuadrático sino la correlación entre la salida de la parte lineal y 
la respuesta deseada 

• Una vez se obtiene la parte lineal, la nolinealidad se obtiene con 
un algoritmo de interpolación, p.e. PCHIP



Resultado de la aplicación a baterías



No queremos predecir,  
sólo buscar eventos Múltiples métodos



Modelos lineales

• Clasificación / clustering en el espacio paramétrico 

• No nos importa cuándo, sino que haya habido cambios 

• Por ejemplo, fallos en refrigeración de multiplicadoras en 
aerogeneradores



Clustering de los parámetros del modelo en 
espacio de estados

• Modelo lineal de la 
temperatura frente a la 
potencia generada para 
cada aerogenerador


• Se proyectan los 
parámetros del modelo 
de cada aerogenerador 
(escalado de Sammon)
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Figura 5.1: Análisis exploratorio gráfico de los parámetros del modelo en espacio
de estados de la temperatura frente a la potencia. El área de cada cı́rculo es
proporcional al coste de las incidencias en 2009.
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Técnicas espectrales localizadas en el tiempo

• Detección de fibrilación atrial ignorando la señal de campo 
lejano (eco ventricular)

2 Jesús Fernández et al.

Fig. 1. Left: Dual-chamber pacemaker. Right: Sensor placement

the auricular signal. This timeline transforms the activity from the ventricle, di-
lating and contracting its time scale in a non-linear manner until the oscillatory
components of the ventricular signal have a flat frequency spectrum in time. It
is shown that, if the same transform is applied to the atrial signal, its frequency
representation also becomes flat unless an arrhythmia episode is arising. The list
of dilations and contractions of the time scale is searched for with metaheuris-
tics, that are used to obtain the time distortion associated to the most uniform
frequency representation. Lastly, the oscillatory part of the signal is extracted
with Singular Spectrum Analysis (SSA).

The structure of this paper is as follows: Current technologies for detecting
atrial fibrillation are reviewed in Section 2. The use of SSA for isolating the
oscillatory components of a signal and the optimization of the spectrum are
explained in Section 3. Two representative cases are used to illustrate the new
methodology in Section 4. The paper concludes in Section 5.

2 Current methodologies for detecting AF

Different methods of classification of AF have been proposed. The most used
among them, identify three different phases related to the evolution of the con-
dition: paroxistic AF, persistent AF and long standing AF [1]. Some patients
experiment a progression form paroxistic AF to persistent AF. Animal models
suggest that the evolution of the dominant frequency can predict this progres-
sion. Thus, there is a big interest in the computation of dominant frequencies in
electrograms. One of the problems presented in this approach is that the esti-
mation of the dominant frequency is constrained by the presence of more than
one time varying components in the signal. In this case, we must consider a time
varying representation.

The application of Gabor transform in the study of atrial electrograms presents
energy in frequencies higher than the previously expected. This phenomenon was



Análisis espectral

• Izquierda: señal de aurícula (azul) y ventrículo (verde). 
Derecha: transformada de Fourier ventaneada

6 Jesús Fernández et al.

Fig. 2. Left part: Blue: Raw ventricle signal during an arrhythmia episode. Green:
atrium signal. Red: Oscillatory part of the ventricle signal, obtained by projecting
the raw signal onto the relevant EOFs. Right part: Fourier analysis of the ventricle
signal (time vs. frequency plot). The presence of higher order harmonics prevents the
diagnosis on the sole basis of the Fourier frequency plot.

3.2 Distortion of the time scale

Recall the arrhythmia episode depicted in the left part of Figure 2. There are
time lapses while the frequency of the atrium signals is higher than that of
the ventricle, but none of them are stable. Many factors influence the cardiac
rhythm, but it is the difference between the frequencies that is relevant, not the
isolated values of each.

Measuring these pulse rates is not straightforward. On the one hand, the
shapes of the spike trains introduce higher order harmonics that hinder the ap-
plication of Fourier analysis (see [17] and the right part of Figure 2). On the
other hand, the atrium signal cannot be isolated from the ventricle signal and
a combination of the two is perceived. In order to separate these two signals,
time-localized spectral techniques have been applied to this problem: Principal
Components [18], Wavelets [19], Gabor transform [20], SSA [21] and many oth-
ers. As of yet, none of these methods is able to detect every type of arrhythmia
without committing a substantial amount of false positives. The relevance of a
precise detection is high, as some of these algorithms are embedded in pacemak-
ers and must react to the presence of an abnormal cardiac rhythm.

In this contribution it is proposed that the time scale of the ventricle signal
is distorted until its dominant frequency becomes flat. The same distortion is
subsequently applied to the atrium, that also becomes flat when atrium and ven-
tricle are synchronized. On the contrary, on arrhythmia episodes the transformed
atrium signal turns uneven.



Time warping

• Se distorsiona la señal de la aurícula hasta que su espectro de frecuencias 
sea plano (duplicando o eliminando periodos). El espectro de la señal del 
ventrículo deja de ser plano en los episodios de arritmia

8 Jesús Fernández et al.

Fig. 3. Left: Case A: This signal is falsely detected as arrhythmia by the pacemaker,
but SSA processing correctly classifies the episode as “normal”. Right: Case B: The
procedure confirmed the positive difference in frequencies which detected the onset of
AF.

to dual-chamber pacemaker carrying patients (St. Jude Medical, St. Paul, MN,
USA) connected to two leads, both with active fixation and inter-electrode pac-
ing of 10.0 mm located in the atrial and ventricle chambers. All of the stored
electrograms of the ventricular channel as the atrial channel are bipolar. Episodes
are longer than 15 seconds. All the analyzed data is anonymous.

These episodes were stored by the pacemaker fulfilling the criteria laid down
for home recording. In both cases atrial channel frequencies above 180 bpm were
detected and subsequently analyzed to confirm or discard the presence of AF.
Case A has been chosen because it is a false positive: the influence of the ven-
tricle echo (FF signal) caused a false activation of the Automatic Mode Change
(AMS) from the pacemaker. The method proposed in this paper was capable of
identifying the difference between Ventricular and Atrial frequencies and at the
same time to eliminate the influence of FF Ventricular Depolarizations.

Case B was selected to demonstrate the effectiveness in detecting the onset of
AF and also to remove the influence of FF. Following the transformation of the
ventricular signal to constant frequency in time, the difference in frequency of
both signals is null during an interval without AF and the procedure confirmed
the positive difference in frequencies which detected the onset of AF.

Dotted lines in Figure 3 depict the local frequency content of the distorted
signal. The red line is the atrium, the blue line is the ventricle and the purple line
is the difference between the frequency contents of both: the proposed system
would report an AF when the purple line is not flat for a certain amount of time.
Note also that this method detects that the first case is normal (no AF) and the
second one is not (AF from sample 1200). Both cases are being wrongly labelled
by current pacemakers.



Filtrado adaptativo

• The ambient noise is very high 
and the transmission cable is 
not appropriately shielded 

• Kalman filtering removes 
Gaussian noise. Ambient noise 
is not.


• We embed a model of the noise 
in the system model so we can 
proceed as if the ambient noise 
were Gaussian
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Datos medidos

• Real-world data: measured 
current (red) and ambient 
noise (black) before low pass 
filtering of NGR current
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Measurement system and ambient noise
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Augmented model and shaping filter
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xc(kh)xC(kh + h) = ⇥CxN (kh) (1)
yC(xk) = CCxC(kh) (2)

xN (kh + h) = ⇥NxN (kh) + �Nv(k) (3)
yN (xk) = CNxN (kh) (4)

x(kh + h) = ⇥x(kh) + e(k) (5)
y(xk) = CNxN (kh) (6)

Augmented model



Genetic optimization of a shaping filter:  
Fitness function (I)

• The PSD was computed as the 
Fourier transform of the 
autocorrelation of the time 
series formed by a sequence 
of measurements


• We define 10 bands of 50Hz 
each, and compute the energy 
at each band, and its 
dispersion


• The energy of a band is 
represented by either an 
interval or a fuzzy set50 100 150 200 250 300 350
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Genetic Optimization (Example of modelled and 
actual PSDs)
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Numerical Results (IV)

• Left : Example of filtered signal (red) vs unfiltered data (black)


• Right: actual sampling of the current taken at a similar transformer 
(La Trabiella substation, Avilés) with a properly shielded transmission 
line, and therefore without noise (i.e. no need to filter)
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Deep learning para reconocimiento de patrones en 
imágenesRedes convolucionales para reconocimiento de 

imágenes

14

Figura 10.15: Perceptrón de Rosenblatt

implementarse modificando los patrones de conexión de la red y los umbrales de las unidades.Es más sencillo modificar los pesos que definen las interconexiones entre las neuronas y dejarfija su topoloǵıa.

Los perceptrones como elementos con umbral y peso

En 1958 Frank Rosenblatt propuso el perceptron, un modelo computacional más general que lasunidades de McCulloch y Pitts. La innovación esencial fue la introducción de pesos numéricosy un patrón de interconexión especial. En el modelo original de Rosenblatt las unidades decomputación son elementos con umbral y la conectividad se determina estocásticamente. Elaprendizaje tiene lugar adaptando los pesos de la red mediante un algoritmo numérico. Elmodelo de Rosenblatt fue refinado y perfeccionado en los 60 y sus propiedades computacionalesfueron analizadas por Minsky y Papert.
El perceptrón de Rosenblatt es una red capaz de solucionar algunos problemas de reconocimien-to de patrones (aqui una llamada a la figura con el perceptron). Una superficie de proyecciónllamada “retina” transmite valores binarios a una capa de unidades de computación en el áreade proyección. Las conexiones entre la retina y las unidades de proyección son deterministas yno adaptativas. Las conexiones entre la segunda capa de elementos de computación y la ter-cera se seleccionan aleatoriamente para hacer que el modelo sea biológicamente plausible. Laidea consiste en entrenar el sistema para reconocer ciertos patrones de entrada en la región deconexión, modificando los pesos de estas conexiones (ver figura 10.15).
Minsky y Papert emplearon una versión reducida del perceptrón de R. para probar sus pro-piedades. El modelo de estos autores consiste también en una retina de pixels en la que seproyectan los patrones. Algunos pixels de la retina se conectan a elementos lógicos capaces decalcular un predicado que depende de los valores de estos pixels. Si el predicado es cierto setransmite un 1 a un elemento sumador con umbral. Si el predicado es falso se transmite un 0.Las entradas del elemento sumador-umbral están afectadas de pesos, de forma que el sistemadispara cuando

n
!

i=1

wiPi ≥ θ

donde Pi es el resultado de evaluar el predicado i, wi es el peso de la conexión i y θ es el umbral



Deep learning para reconocimiento de patrones en 
imágenes
Redes convolucionales para reconocimiento de 
imágenes

• Una red tiene al menos una capa de convolución, que transforma la imagen en 
varios mapas (imágenes de contornos)


• Cada convolución puede afectar a un canal de la imagen (RGB) o a varios


• Los mapas se remuestrean para reducir su dimensión y se combinan mediante 
una capa de red convencional o bien se toman como entrada de una segunda 
capa de convolución



Deep learning para reconocimiento de patrones en 
imágenes
Redes convolucionales para reconocimiento de 
imágenes

• Las convoluciones se implementan mediante pesos compartidos: las 
conexiones del mismo color en la figura inferior tienen el mismo peso


• El número de pesos necesario para calcular cada mapa depende del área del 
campo visual y no de la dimensión de la imagen



Deep learning para reconocimiento de patrones en 
imágenes



Deep learning para reconocimiento de patrones en 
imágenes



Algunas conclusiones

• El resumen es muy incompleto, sólo hemos mostrado algunas técnicas 
en las que hemos trabajado 

• La mayoría de las técnicas son muy costosas en CPU o en memoria 

• ESN (reservoir computing) son adecuadas para modelar sistemas 
dinámicos pero muy costosas en memoria. Hemos hecho una 
implementación en Tensorflow 

• LSTM es el modelo usado más frecuentemente para modelos 
recurrentes. Está incluido en Tensorflow 

• La tecnología más usada para buscar patrones en imágenes son las 
redes convolucionales. El mayor problema es que necesitan una gran 
cantidad de patrones. Una vez entrenadas son muy eficientes.


