
Label Noise-Tolerant Hidden Markov Models
for Segmentation: Application to ECGs

Benôıt Frénay, Gaël de Lannoy??, and Michel Verleysen

Machine Learning Group, ICTEAM Institute, Université catholique de Louvain
3 place du Levant, B-1348 Louvain-la-Neuve, Belgium

Abstract. The performance of traditional classification models can ad-
versely be impacted by the presence of label noise in training observa-
tions. The pioneer work of Lawrence and Schölkopf tackled this issue
in datasets with independent observations by incorporating a statistical
noise model within the inference algorithm. In this paper, the specific
case of label noise in non-independent observations is rather considered.
For this purpose, a label noise-tolerant expectation-maximisation algo-
rithm is proposed in the frame of hidden Markov models. Experiments
are carried on both healthy and pathological electrocardiogram signals
with distinct types of additional artificial label noise. Results show that
the proposed label noise-tolerant inference algorithm can improve the
segmentation performances in the presence of label noise.

Keywords: label noise, hidden Markov models, expectation maximisa-
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1 Introduction

In standard situations, supervised machine learning algorithms learn their pa-
rameters to fit previously labelled data, called training observations, as best as
possible. In real situations, however, it is difficult to guarantee perfect labelling,
e.g. because of the subjectivity of the labelling task, of the lack of information or
of communication noise. In particular, label errors are likely to arise in biomed-
ical applications involving the tedious and time-consuming labelling of a large
amount of data by one or several medical experts. The label noise issue is typi-
cally addressed in regression problems by assuming independent Gaussian noise
on the regression target. In classification problems, although standard algorithms
such as support vector machines are able to cope with outliers and feature noise
to some degree, the label noise issue is however mostly left untreated.

Previous work addressing the label noise issue incorporated a noise model
into a generative model which assumes independent and identically distributed
(i.i.d.) observations [1–3]. Nevertheless, this issue is mostly left untreated in the
case of models for the segmentation of sequential (non i.i.d.) observations such
as hidden Markov models (HMMs). In this work, a variant of HMMs which is
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robust to the label noise is proposed. To illustrate the relevance of the proposed
model, artificial electrocardiogram (ECG) signals generated using ECGSYN [4]
and real ECG recordings from the Physiobank database [5] are used in the
experiments. The label noise issue is indeed known affect the segmentation of
waveform boundaries by experts in ECG signals [6]. Nevertheless, the proposed
model also applies to any kind of sequential data facing the label noise issue, for
example biomedical signals such as EEGs, EMGs and many others.

This paper is organised as follows. Section 2 reviews related work. Section 3
introduces hidden Markov models and two standard inference algorithms. Sec-
tion 4 derives a new, label noise-tolerant algorithm. Section 5 quickly reviews
electrocardiogram signals and details the experimental settings. Finally, empiri-
cal results are presented in Section 6 and conclusions are drawn in Section 7.

2 Related Work

Before presenting the state-of-the-art in classification with label noise, it is first
important to distinguish the label noise issue from the semi-supervised paradigm
where some data points in the training set are completely left unlabelled. Here,
we rather consider the framework where an unknown proportion of the observa-
tions are wrongly labelled. To our knowledge, existing approaches to this problem
are relatively few. These approaches can be divided in three categories: filtering
approaches, model-based approaches and plausibilistic approaches.

Filtering techniques act as a preprocessing of the training set to either remove
noisy observations or correct their labels. These methods involve the use of a
criterion to detect mislabelled observations. For example, [7] uses disagreement
in ensemble methods. Furthermore, [8] introduces an algorithm to iteratively
modify the examples whose class label disagrees with the class labels of most of
their neighbours. Eventually, [9] uses information gain to detect noisy labels.

On the other hand, model-based approaches tackle the label noise by incor-
porating the mislabelling process as an integral part of the probabilistic model.
Pioneer work by [1] incorporated a probabilistic noise model in a kernel-Fisher
discriminant for binary classification. Later, [2] extended this model by relaxing
the Gaussian distribution assumption and carried out extensive experiments on
more complex datasets, which convincingly demonstrated the value of explicit
label noise modeling. More recently the same model has been extended to multi-
class datasets [10]. Bouveyron et al. also proposes a distinct robust mixture dis-
criminant analysis [3], which consists in two steps: (i) learning an unsupervised
Gaussian mixture model and (ii) computing the probability that each cluster
belongs to a given class.

Eventually, plausibilistic approaches assume that the experts have explicitly
provided uncertainties over labels. Specific algorithms are then developed to
integrate and to focus on such uncertainties [11].

This work concentrates on model-based approaches to embed the noise pro-
cess into classifiers. Model-based approaches have a sound theoretical foundation
and tackle the noise issue in a more principled and transparent manner with-



out discarding potentially useful observations. Our contribution in this field is
the development of a label noise-tolerant hidden Markov model for labelling of
sequential (non i.i.d.) observations.

3 Hidden Markov models for Segmentation

This section introduces hidden Markov models for segmentation. Two widely
used inference algorithms are detailed: supervised learning and the Baum-Welch
algorithm. Their application to ECG segmentation is discussed in Section 5.

3.1 Hidden Markov Models

HMMs are probabilistic models of time series generating processes where two dis-
tinct sequences are considered: the states S1 . . . ST and observations O1 . . . OT .
Here T is the length of these sequences (see Fig. 1). At a given time step t, the
current observation Ot and the next state St+1 are considered to depend only on
the current state St. For example, in the case of ECGs, the process under study
is the human heart. Hence, states and observations correspond to the inner state
and electrical activity of the heart, respectively (see Section 5 for more details).

Fig. 1. Conditional dependencies in an hidden Markov model.

Using the independence assumptions introduced above, an HMM is com-
pletely specified by its set of parameters Θ = (q, a, b) where qi is the prior of
state i, aij is the transition probability from state i to state j and bi is the obser-
vation distributions for state i [12]. Usually, bi is modelled by a Gaussian mixture
model (GMM) with parameters (πik, µik, Σik) where πik, µik and Σik are the
prior, mean and covariance matrix of the kth Gaussian component, respectively.

Given a sequence of observations with expert annotations, the HMM infer-
ence problem consists in learning the parameters Θ from data. The remaining of
this section presents two approaches for estimating the parameters. Once that an
HMM is inferred, the segmentation of new signals can be done using the Viterbi
algorithm, which looks for the most probable state sequence [12].

3.2 Algorithms for Inference

A simple solution to infer an HMM from data consists in assuming that the
expert annotations are correct and trustworthy. Given this assumption, q and



a are simply obtained by counting the state occurrences and transitions in the
data. Then, each observation distribution is fitted using the observations labelled
accordingly. This approach has the advantage of being simple to implement and
having a very low computational cost. However, if the labels are not perfect and
polluted by some label noise, the produced HMM may be significantly altered.

The Baum-Welch algorithm is another, unsupervised algorithm [12]. More
precisely, it assumes that the true labels are unknown, i.e. it ignores the ex-
pert annotations. The likelihood of the observations is maximised using an
expectation-maximisation (EM) scheme [13], since no closed-form maximum
likelihood estimator is available in this case. During the E step, the posteri-
ors P (St = i|O1 . . . OT ) and P (St−1 = i, St = j|O1 . . . OT ) are estimated for
each time step t and states i and j. Then, these posteriors are used during the
M step in order to estimate the prior vector q, the transition matrix a and the
observation distributions bi.

The main advantage of Baum-Welch is that wrong expert annotations should
have no impact on the inferred HMM. However, in practice, expert annotations
are used to compute a initial estimate of the HMM parameters, which is nec-
essary for the first E step. Moreover, ignoring expert annotations can also be a
disadvantage: if the expert uses a specific decomposition of the ECG dynamic,
such subtleties may be lost in the unsupervised learning process.

4 A Label Noise-Tolerant Algorithm

Two algorithms for HMM inference have been introduced in Section 3. However,
neither of them is satisfying when label noise is introduced. On the one hand,
supervised learning is bound to trust blindly the expert annotations. Therefore,
as shown in Section 6, label noise can degrade the segmentation quality. On
the other hand, the Baum-Welch algorithm fails to encode precisely the expert
knowledge. Indeed, as shown experimentally in Section 6, even predictions on
clean, easy-to-segment signals do not match accurately the expert annotations.

This section introduces a new algorithm for HMM inference which lies in-
between supervised learning and the Baum-Welch algorithm: expert annotations
are used, but the label noise is modelled during the inference process in order to
decrease the influence of wrong annotations.

4.1 Label Noise Modelling

Previous works showed the value of explicit label noise modelling for i.i.d. data
in classification [1–3]. Here, a similar approach is used for non-independent se-
quential data. Two distinct, yet related sequences of states are considered (see
Fig. 2): the sequence of observed, noisy annotations Y and the sequence of hid-
den, true labels S. In this paper, Yt is assumed to depend only on St, i.e. Yt is
a (possibly noisy) copy of St.

An additional quantity dij = P (Yt = j|St = i, Θ) is introduced for each
pair of states (i, j), which is called the annotation probability. In order to avoid



Fig. 2. Conditional dependencies in a label noise-tolerant hidden Markov model.

overfitting, the annotations probabilities take in this paper the restricted form

dij =

{
1− pi (i = j)

pi

|S|−1 (i 6= j)
(1)

where pi is the probability that the expert makes an error in state i and |S| is
the number of possible states. Hence dii = 1 − pi is the probability of correct
annotation in state i. Notice that dij is only used during inference. Here, Y is an
extra layer put on a standard HMM to model the label noise. For segmentation,
only the parameters linked to S and O are used, i.e. q, a, π, µ and Σ.

4.2 Finding the HMM Parameters with a Label Noise Model

Finding an estimate for both the HMM and label noise model parameters is
achieved by maximising the incomplete log-likelihood

logP (O, Y |Θ) = log
∑
S

P (O, Y, S|Θ), (2)

where the sum spans all possible sequences of true states. As a closed-form
solution does not exist, one can use the EM algorithm which is derived in the
rest of this section. Notice that only approximate solutions are obtained, for EM
algorithms are iterative procedures and may converge to local minima [13].

Definition of the Q(Θ,Θold) Function The EM algorithm builds successive
approximations of the incomplete log-likelihood in (2) and use them to main-
tain an estimate of the parameters [12, 14]. In the settings introduced above, it
consists in alternatively (i) estimating the functional

Q(Θ,Θold) =
∑
S

P (S|O, Y,Θold) logP (O, Y, S|Θ) (3)

using the current estimate Θold (E step) and (ii) maximising Q(Θ,Θold) with
respect to the parameters Θ in order to update their estimate (M step). Since

P (O, Y, S|Θ) = qs1

T∏
t=2

ast−1st

T∏
t=1

bst(ot)

T∏
t=1

dstyt
, (4)



where ot, yt, s1, st−1 and st are the actual values taken by the random variables
Ot, Yt, S1, St−1 and St, the expression of Q(Θ,Θold) becomes

|S|∑
i=1

γ1(i) log qi +

T∑
t=2

|S|∑
i=1

|S|∑
j=1

εt(i, j) log aij

+

T∑
t=1

|S|∑
i=1

γt(i) log bi(ot) +

T∑
t=1

|S|∑
i=1

γt(i) log diyt
(5)

where the posterior probabilities γ and ε are defined as

γt(i) = P (St = i|O, Y,Θold) (6)

and
εt(i, j) = P (St−1 = i, St = j|O, Y,Θold). (7)

E Step The γ and ε variables must be computed in order to evaluate (5), which
is necessary for the M step. In standard HMMs, these quantities are estimated
during the E step by the forward-backward algorithm [12, 14]. Indeed, if forward
variables α, backward variables β and scaling coefficients c are defined as

αt(i) = P (St = i|O1...t, Y1...t, Θ
old) (8)

βt(i) =
P (Ot+1...T , Yt+1...T |St = i, Θold)

P (Ot+1...T , Yt+1...T |O1...t, Y1...t, Θold)
(9)

ct = P (Ot, Yt|O1...t−1, Y1...t−1, Θ
old), (10)

one eventually obtains
γt(i) = αt(i)βt(i) (11)

and
εt(i, j) = αt−1(i)c−1t aijbj(ot)djyt

βt(j). (12)

Here, the scaling coefficients ct are introduced in order to avoid numerical issues.
Indeed, for sufficiently large T (i.e. 10 or more), the dynamic range of both α
and β will exceed the precision range of any machine. The scaling factors ct
are therefore introduced to keep the values within reasonable bounds [12]. The

incomplete likelihood can be computed using P (O, Y |Θold) =
∏T

t=1 ct.
The forward-backward algorithm consists in using the recursive relationship

αt(i)ct =

{
qibi(o1)diy1

(t = 1)

bi(ot)diyt

∑|S|
j=1 ajiαt−1(j) (t > 1).

(13)

linking the α and c variables and the recursive relationship

βt(i) =

{
1 (t = T )
1

ct+1

∑|S|
j=1 aijbj(ot+1)djyt+1βt+1(j) (t < T )

(14)

linking the β and c variables. The scaling coefficients can be computed using the

constraint
∑|S|

i=1 αt(i) = 1 jointly with (13).



M Step The values of the γ and ε computed during the E step can be used to
maximise Q(Θ,Θold). Using (5), one obtains

qi =
γ1(i)∑|S|
i=1 γ1(i)

(15)

and

aij =

∑T
t=2 εt(i, j)∑T

t=2

∑|S|
j=1 εt(i, j)

(16)

for the state prior and transition probabilities. The GMMs parameters become

πil =

∑T
t=1 γt(i, l)∑T
t=1 γt(i)

, (17)

µil =

∑T
t=1 γt(i, l)ot∑T

t=1 γt(i)
(18)

and

Σil =

∑T
t=1 γt(i, l)(ot − µil)

T (ot − µil)∑T
t=1 γt(i)

(19)

where

γil(t) = γi(t)
πilbil(ot)

bi(ot)
. (20)

Eventually, the expert error probabilities are obtained using

pi =

∑
t|Yt 6=i γt(i)∑T
t=1 γt(i)

(21)

and the annotations probabilities can be computed using (1).

The EM Algorithm The EM algorithm can be implemented using the equa-
tions detailed above. Θ must be initialised before the first E step. This problem
is already addressed in the literature for all the parameters, except d. A simple
solution, used in this paper, consists in initialising d using

dij =

{
1− pe (i = j)

pe

|S|−1 (i 6= j)
(22)

where pe is a small probability of expert annotation error. Equivalently, one can
set pi = pe. For example, pe = .05 is used in the experiments in Section 6.

5 ECG segmentation

This section (i) quickly reviews ECG segmentation and the use of HMMs in this
context and (ii) details the methodology used for the experiments in Section 6.



5.1 ECG Signals

Electrocardiograms (ECGs) are periodic signals measuring the electrical activity
of the heart. These time series are typically associated to a sequence of labels,
called annotations (see Fig. 3). Indeed, physicians distinguish different kind of
patterns called waves: P waves, QRS complexes and T waves. Moreover, physi-
cians talk about baselines when the signal is flat, outside of waves. Here, only
the B3 baseline between T and P waves is considered.

Fig. 3. Example of ECG signal, with annotations.

The ECG segmentation problem consists in predicting the labels for unla-
beled observations, using the annotated part of the signal. Indeed, ECGs usually
last for hours and it is of course impossible to annotate the entire signal manually.

In the context of ECG segmentation, (15) cannot be used directly. Indeed,
only one ECG is available for HMM inference: the ECG of the patient under
treatment. This is due to large inter-patient differences which prevent generali-
sation from one patient to the other. Here, q is simply estimated as the percentage
of each observed annotation, as in the case of the supervised learning.

5.2 State of the Art

One of the most widely used, successful tool for ECG segmentation are HMMs
[15, 6]. Typically, each ECG is firstly filtered using a 3-30 Hz band-pass fil-
ter. Then it is transformed using a continuous wavelet transform (WT) with
an order 2 coiflet wavelet. The dyadic scales from 21 to 27 are kept in order to
build the observations. Eventually, the resulting observations may be normalised
component-wise, which is done in this paper. Fig. 4 shows the theoretical tran-
sitions in a HMM modelling an ECG.

Label noise has already been considered by [16] in the ECG context by using
a semi-supervised approach. Annotations around boundaries are simply deleted,
which results in an intermediate situation between supervised learning and the
Baum-Welch algorithm. Indeed, the remaining annotations are considered trust-
worthy and only the posteriors of the deleted annotations are estimated by EM.
The width of the deletion window has to be selected, whereas this paper uses a
noise model where the level of label noise is automatically estimated.



Fig. 4. Theoretical transitions in an ECG signal.

5.3 Experimental Settings

The two algorithms which are used for comparison are supervised learning and
the Baum-Welch algorithm. Each emission model uses a GMM with 5 compo-
nents. The EM algorithms are repeated 10 times and each repetition consists of
at most 300 iterations. The initial mean of each GMM component is randomly
chosen among the data in the corresponding class; the initial covariance matrix
of each GMM component is set as a small multiple of the covariance matrix of
the corresponding class.

Three classes of ECGs are used. Firstly, a set of 10 artificial ECGs are gen-
erated and annotated using the popular ECG waveform generator ECGSYN
[4]. Secondly, 10 real ECGs are selected in the sinus MIT-QT database from
Physiobank [5]. These Holter ECG recordings have been manually annotated
by cardiologists with waveform boundaries for 30 to 50 selected beats in each
recording. All recordings are sampled at 250 Hz. These ECGs were measured on
real patients, but they are quite clean and easy to segment, for the patients were
healthy. Thirdly, 10 ECGs are selected in the arrhythmia MIT-QT database from
Physiobank [5]. These ECGs are more difficult to segment and the annotations
are probably less reliable. Indeed, these patients were being treated for cardiac
diseases and their ECG often differ significantly from the text-book ECGs. Only
P waves, QRS complexes, T waves and B3 baselines are annotated.

Each ECG is segmented before and after the addition of artificial label noise.
Different types and levels of artificial label noise are added to the annotations
in order to test the robustness of each algorithm. The two label noises which are
used here are called horizontal and uniform noise:

– The horizontal noise moves the boundaries of P and T waves by a random
number of milliseconds drawn from a uniform distribution. This type of noise
is particularly interesting in the context of ECG segmentation since it mimics
the errors made by medical experts in practice. The uniform distribution
used in the experiments is symmetric around zero and its half width is a
given percentage of the considered wave duration.

– The uniform noise consist in randomly flipping a given percentage of the
labels. This type of noise is the same as in previous experiments [1].

For each experiment, two measures are given: the average recall and preci-
sion. For each wave, the recall is the percentage of observations belonging to
that wave which are correctly classified. The precision is the percentage of pre-
dicted labels which are correct, for a given label. Both measures are estimated



using the ECGSYN annotations for the artificial ECGs, whereas human expert
annotations are used for the real ECGs. In Section 5, recalls and precisions are
systematically averaged over the four possible labels (P, QRS, T and B3).

For each algorithm, ECGs are split into training and test sets. The training
set is used to learn the HMM, whereas the test set allows testing the HMM on
independent data. For artificial ECGs, 10% of the signal is used for training,
whereas the remaining 90% is used for test. For real ECGs, 50% of the signal is
used for training, whereas the remaining 50% is used for test. This way, the size
of the training sets are roughly equal for both artificial and real ECGs.

6 Experimental Results

This section compares the label noise-tolerant algorithm proposed in Section 4 to
the two standard algorithms described in Section 3. The tests are carried out on
three classes of ECGs, which are altered by two types of label noise. See Section
5 for more details about ECGs and the methodology used in this section.

6.1 Noise-Free Results

Tables 1 and 2 respectively show the recalls and precisions obtained on test
beats for artificial, sinus and arrhythmia ECGs using supervised learning, Baum-
Welch and the proposed algorithm. The annotations are the original annotations,
without additional noise. Each ECG signal is segmented 40 times in order to
evaluate the variability of the results. The results in the three first rows average
the results of all runs for all ECGs, whereas other rows average the results of all
runs for two selected ECGs. For the two selected ECGs, standard deviations are
given. The standard deviations shown on the three first lines are the average of
the standard deviations obtained for each ECG.

Table 1. Recalls on original artificial, sinus and arrhythmia ECGs for supervised
learning, Baum-Welch and the proposed algorithm.

supervised Baum- proposed
learning Welch algorithm

average
artificial 95.21 ± 0.31 89.17 ± 2.20 95.14 ± 0.43

sinus 95.35 ± 0.28 92.71 ± 1.60 95.60 ± 0.59
arrhythmia 89.51 ± 0.69 82.48 ± 2.57 89.10 ± 0.90

ECG 1
artificial 94.98 ± 0.24 88.09 ± 2.33 94.87 ± 0.40

sinus 95.75 ± 0.30 92.28 ± 1.50 96.44 ± 0.44
arrhythmia 94.36 ± 0.46 81.77 ± 3.36 92.80 ± 1.79

ECG 2
artificial 93.34 ± 0.88 87.44 ± 3.17 93.50 ± 1.04

sinus 95.88 ± 0.14 93.43 ± 0.74 96.01 ± 0.29
arrhythmia 90.07 ± 0.35 88.01 ± 1.42 91.22 ± 0.46



Table 2. Precisions on original artificial, sinus and arrhythmia ECGs for supervised
learning, Baum-Welch and the proposed algorithm.

supervised Baum- proposed
learning Welch algorithm

average
artificial 95.53 ± 0.27 87.58 ± 3.06 95.34 ± 0.39

sinus 95.86 ± 0.26 89.85 ± 2.23 94.38 ± 1.14
arrhythmia 87.28 ± 0.75 77.37 ± 2.73 84.56 ± 1.45

ECG 1
artificial 95.51 ± 0.17 86.16 ± 3.10 95.14 ± 0.43

sinus 96.81 ± 0.19 91.89 ± 1.50 95.96 ± 0.89
arrhythmia 95.11 ± 0.96 72.13 ± 3.15 87.08 ± 4.03

ECG 2
artificial 94.76 ± 0.63 86.17 ± 4.26 94.67 ± 0.73

sinus 96.42 ± 0.11 91.33 ± 1.87 95.82 ± 0.56
arrhythmia 88.25 ± 0.32 86.14 ± 0.05 89.51 ± 0.49

Results show that if one completely discards the available labels (i.e. with
the Baum-Welch algorithm), the information loss is important. Indeed, the un-
supervised algorithm always achieves significantly lower recalls and precisions.
The results in terms of recall and precision are approximatively equal for the
proposed algorithm and supervised learning. One exception is the precision on
arrhythmia signals, where the labels themselves are less reliable, making the
performance assessment less reliable too.

6.2 Results with Horizontal Noise

Fig. 5, 6 and 7 show the results obtained for artificial, sinus and arrhythmia
ECGs, respectively. The annotations are polluted by a horizontal noise, with the
maximum boundary movement varying from 0% to 50% of the modified wave.
For each figure, the first row shows the recall, whereas the second row shows the
precision, both obtained on test beats. Each ECG signal is noised and segmented
40 times in order to evaluate the variability of the results. The curves in the first
column average the results of all runs for all ECGs, whereas the curves in the
second and third columns average the results of all runs for two selected ECGs.
For the two last plots of each row, the error bars show the 95 % confidence
interval around the mean on the 40 runs. The error bars shown on the first plot
of each line are the average of the error bars obtained for each ECG.

Again, the performances of the unsupervised algorithm are the worst ones
for small levels of noise. However, the results obtained using Baum-Welch seem
to be less affected by the label noise. In most cases, the unsupervised algorithm
achieves better results than supervised learning for large levels of noise. The effect
of the noise level is probably due to the fact that the EM algorithm is initialised
using the labelled observations. Therefore, the final result is also influenced by
the label noise, for it depends on the initial starting point.

The performances of supervised learning and the label noise-tolerant algo-
rithm are both affected by the increasing label noise. However, for large levels of



Fig. 5. Recalls and precisions on artificial ECGs with horizontal noise for supervised
learning (black plain line), Baum-Welch (grey plain line) and the proposed algorithm
(black dashed line), with respect to the percentage of the maximum boundary move-
ment (0% to 50% of the modified wave). See text for details.

Fig. 6. Recalls and precisions on sinus ECGs with horizontal noise for supervised learn-
ing (black plain line), Baum-Welch (grey plain line) and the proposed algorithm (black
dashed line), with respect to the percentage of the maximum boundary movement (0%
to 50% of the modified wave). See text for details.



Fig. 7. Recalls and precisions on arrhythmia ECGs with horizontal noise for supervised
learning (black plain line), Baum-Welch (grey plain line) and the proposed algorithm
(black dashed line), with respect to the percentage of the maximum boundary move-
ment (0% to 50% of the modified wave). See text for details.

noise, the label noise-tolerant algorithm achieves significantly better recalls and
precisions than supervised learning. Supervised learning is only better in terms
of precision for low levels of noise. Since the horizontal noise mimics errors made
by medical experts, the above results suggest that using the proposed algorithm
can improve the segmentation quality when the expert is not fully reliable.

6.3 Results with Uniform Noise

Fig. 8, 9 and 10 shows the recalls and precisions obtained for artificial, sinus and
arrhythmia ECGs, respectively. The annotations are polluted by a uniform noise,
with a percentage of flipped labels varying from 0% to 20%. For each figure, the
first row shows the recall, whereas the second row shows the precision, both
obtained on test beats. Each ECG signal is noised and segmented 40 times in
order to evaluate the variability of the results. The curves in the first column
average the results of all runs for all ECGs, whereas the curves in the second and
third columns average the results of all runs for two selected ECGs. For the two
last plots of each row, the error bars show the 95 % confidence interval around
the mean on the 40 runs. The error bars shown on the first plot of each line are
the average of the error bars obtained for each ECG.

As for horizontal noise, the performances of Baum-Welch are significantly
worse and decrease as the percentage of label noise increases. For the proposed
algorithm, the recall and precision seem to be almost unaffected by the increas-
ing level of label noise. For supervised learning, the recall and precision slowly
decrease as the label noise increases. In terms of both recall and precision, the



Fig. 8. Recalls and precisions on artificial ECGs with uniform noise for supervised
learning (black plain line), Baum-Welch (grey plain line) and the proposed algorithm
(black dashed line), with respect to the percentage of flipped labels (0% to 20%). See
text for details.

Fig. 9. Recalls and precisions on sinus ECGs with uniform noise for supervised learning
(black plain line), Baum-Welch (grey plain line) and the proposed algorithm (black
dashed line), with respect to the percentage of flipped labels (0% to 20%). See text for
details.



Fig. 10. Recalls and precisions on arrhythmia ECGs with uniform noise for supervised
learning (black plain line), Baum-Welch (grey plain line) and the proposed algorithm
(black dashed line), with respect to the percentage of flipped labels (0% to 20%). See
text for details.

label noise-tolerant algorithm performs better than supervised learning when
the level of noise is larger than 5%.

7 Conclusion

In this paper, a variant of the EM algorithm for label noise-tolerant HMM in-
ference is proposed. More precisely, each observed label is assumed to be a noisy
copy of the true, unknown state. The proposed EM algorithm relies on two steps
to automatically estimate the level of noise in the set of available labels. First,
during the E step, the posterior of the hidden state is estimated for each sam-
ple. Next, the M step computes the HMM parameters using the hidden true
states, and not the noisy labels themselves, which results in a model which is
less impacted by label noise.

Experiments are carried on both healthy and pathological ECGs signals artifi-
cially polluted by distinct types of label noise. Three types of inference algorithms
for HMMs are compared: supervised learning, the Baum-Welch algorithm and
the proposed noise-tolerant algorithm. The results show that the performances
of the three approaches are adversely impacted by the level of label noise. How-
ever, the proposed noise-tolerant algorithm can yield better performances than
the other two algorithms, which confirms the benefit of embedding the noise pro-
cess into the inference algorithm. This improvement is particularly pronounced
when the artificial label noise mimics errors made by medical experts, which
suggests that the proposed algorithm could be useful when expert annotations
are less reliable. The recall is improved for any label noise level, and the precision
is improved for large levels of noise.
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