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ABSTRACT Speaker recognition is challenging in real-world environments. Typically, studies approach
noises only in an additive manner. However, real environments commonly present reverberating conditions
that worsen speech processing. When not considering reverberation in the system modeling, the system
may not be robust when applied to real-world conditions. In this work, we use a slight different approach
to simulate reverberation, considering randomized conditions of the environment. With this approach, each
VoxCeleb1 test sample is corrupted by randomly generated conditions, with diversified amplitudes of noise
and speech. We generate a corrupted dataset, in which the best model EER degraded from 0.93% to 30.13%.
To improve this degradation, we propose using Normalized Kernel Least-Mean-Square (NKLMS) adaptive
filter. Through the use of NKLMS, we were able to improve the EER from 30.13% to 1.11%. The results
indicate that NKLMS has a great potential for speech enhancement to improve speaker recognition.

INDEX TERMS Adaptive Filter, Kernel Methods, Noise Pollution, Speaker Recognition

I. INTRODUCTION

In real environments, noise and reverberation are always
present, negatively affecting speech processing. It is typical
for real environments to be noisy [1]. In addition to col-
ored noises, real environments are subject to several other
conditions, such as reverberation, babble noise, and speaker
overlapping. Audio capture can occur anywhere, such as
on the street (subject to noises from construction works,
cars, wind, etc.) and in offices (subject to noises from air
conditioning, electronic devices, people, etc.). Each noise
has its characteristics and can impact speaker recognition
differently.

Speaker recognition also is impacted by noise and re-
verberation. In speech-based systems, babble noise is one
of the most challenging noises to filter [2]. Even speakers
counting in a signal is already a considerable challenge
[3], [4]. Babble noise is subject to several factors, such as
emotional speaker condition [5], [6], environment acoustics
(reverberation) [4], [7], and microphone position. Robustness

is essential for speaker recognition, especially when used for
security purposes.

In real environments, speaker recognition methods must be
reliable. However, most works do not validate their methods
in conditions similar to real-world – see [8] for an overview
– using artificial degradation, which worsens speaker recog-
nition reliability. Usually, works that evaluate degrading con-
ditions focus on changes in the methods, experimenting with
different feature extractors, classifiers, or scoring. To improve
the impact of real-world conditions, the usage of speech
enhancement might bring more robustness to systems [9].

A speech enhancement approach to attenuate signal degra-
dation is filtering the noises and reverberation [10]. Classical
filtering methods use constant parameters defined by the
designer, which outline the filter behavior. However, these
methods lack adaptability to unknown conditions. Several
works use spectral subtraction for speech enhancement [11]–
[13]. In addition, adaptive filters are efficient in environments
subject to constant changes [14].
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The adaptive algorithms literature is extensive, and an
active research field [14], being also applied in different sce-
narios and applications as described in [15] and [16]. Some
papers indicate that Kernel methods are improving adap-
tive filters [17], [18]. Therefore, we evaluated the NKLMS
(Normalized Kernel Least Mean Squares) [19] in this work.
Besides kernel’s usage, it also combines a normalization
introduced by NLMS (Normalized Least-Mean-Square).

In this work, we propose improving speaker recognition in
simulated environments through speech enhancement. Thus,
we: (i) generated a corrupted dataset with randomly noisy
and reverberant conditions; (ii) evaluated the dataset for
speaker recognition before and after the simulation; (iii)
experimented with adaptive filters for speech enhancement;
and (iv) evaluated the result of speaker recognition after the
speech enhancement.

In Figure 1 we depict this work’s steps and methods.
Through this process, we were able to discover the following
contributions:

1) A slight different approach to simulate reverberation,
considering noisy environmental conditions;

2) Evaluating speaker recognition accuracy for the cor-
rupted conditions;

3) Evaluating several adaptive filters for the corrupted
conditions;

4) Obtaining promising results with NKLMS [19] for
speech enhancement; and

5) Improving speaker recognition accuracy with NKLMS
filter in noisy conditions.

This work’s main contribution is using NKLMS [19]
in pre-processing stage of speaker recognition. The speech
signal presents nonlinear behavior [20], and the KLMS
method is excellent for solving nonlinear problems [21].
NLMS, on the other hand, increases convergence stability,
facilitating parametrization and improving robustness (com-
pared to traditional LMS) [19]. Therefore, by joining NLMS
and KLMS methods, NKLMS has excellent potential for
improving speech processing, despite not being extensively
used in the literature1.

In the following sections, we will: introduce real envi-
ronment conditions and simulation (Section II); introduce
adaptive filters (Section III); describe our experimental setup
(Section V); present and discuss our results (Section VI); and
lastly, summarize the paper (Section VII).

II. REAL ENVIRONMENTS AND SIMULATION
Closed environments are subject to reverberation. Reverber-
ation consists of the reflection of sound waves in obstacles,
walls, and others [22]. As exemplified in Figure 2, sound
sources are reflected, creating countless sound paths. The
reverberation can make sounds more pleasant or incompre-
hensible, depending on the room’s acoustics. One way to sim-
ulate reverberation is with RIR (Room Impulse Response).

1By the time of writing, there are 13 citations indexed on Google Scholar.

When simulating noises, most works evaluate noise impact
in a additive manner [6], [23]–[25]. However, noises are
also subject to environmental conditions. Usually, works that
approach real situations use datasets that are already recorded
in real environment conditions [6], [23]–[25], as SITW [26]
and NIST 2010 retransmitted [27]. Works evaluating rever-
beration conditions usually only reverberate the speech, using
the noise in an additive manner, applying it only for data
augmentation, without speech enhancement [28], [29].

However, more diversified conditions can be recreated by
simulating real conditions. From a more diverse dataset, more
data can be generated and used to improve learning or for
training methods specific for filtering noises and reverbera-
tion.

Several works already work with Room Impulse Response
(RIR) problematic, which simulates room reverberation, pro-
viding libraries available for use [30]. However, most avail-
able generators do not allow diverse room shapes and are
mainly for Matlab [30].

To provide an accessible RIR generator with an open and
flexible code, Scheibler et al. [30] developed a Python library
called pyroomacoustics. The library includes an RIR
generator based on ISM (Image-Source Mirror), which visu-
ally maps the position of sound sources and microphones for
simulation. The programming with pyroomacoustics
library is high level, allowing a clean and intuitive code.
In this work, we use this library to simulate different room
conditions, and evaluate speaker recognition quality.

III. REVIEW ON ADAPTIVE FILTERS
Adaptive filters are great for environments with constant
conditions variability [14]. Historically, they are helpful for
several applications, such as communications, active noise
control, and biomedical engineering. The adaptive filters
have great potential for improving many systems.

A. LEAST-MEAN-SQUARE – LMS
The adaptive algorithms had their beginning with LMS [31].
LMS works based on a weight vector w(n), given:

w(n) = [w0(n), w1(n), w2(n), · · ·, wM−1(n)]
⊤. (1)

Which have a vector position for each M sample previously
processed. When processing new samples, each new weight
is calculated as follows:

w(n+ 1) = w(n)− µ∇wJ(n). (2)

In which µ is the adaptation/learning step, and the gradient
vector is based on a stochastic gradient, defined by:

∇wJ(n) = −u(n) e∗(n), (3)

where u(n) is the input signal and e(n) is the deviation of
the desired signal d(n),

e(n) = d(n)−wH(n)u(n). (4)

Given the matrix R defined positive on input signal u(n)
and p the cross-correlation vector between u(n) and d(n)
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FIGURE 1. Full process used in this work.

FIGURE 2. Sound propagation in a room.

the solution, wo, which minimizes the Mean Squared Error
(MSE), usually known as the Wiener solution, given by:

wo = R−1(n)p(n). (5)

The input signal is processed at each iteration, and the
algorithm adapts, adding a new weight for the weights vector.
Later approaches introduce the dictionary concept, where
the number of weights is no longer infinite but with a fixed
number of weights. An issue with LMS is finding a step size
adequate for the problem at hand [14]. Newer versions of
LMS may be used to improve the learning stability.

B. NORMALIZED LMS – NLMS
The algorithm NLMS introduces an improvement to LMS
stability [14]. By normalizing the step size, the weight update
equation changes from (2) to:

w(n+ 1) = w(n)− µ

∥u(n)∥2
∇wJ(n), (6)

Where µ is based on the amplitude of the input signal. NLMS
adaptive filter is an extension of the popular LMS adaptive
filter [32].

C. KERNEL LMS – KLMS
A challenge when dealing with voice processing is its nonlin-
ear characteristic [33]. Therefore, it is necessary to explore
filters with nonlinear behavior. Kernel-based methods are
becoming more popular, mainly as complements of existing
methods [34]. Consequently, it was also introduced as a
complement to LMS with kernel.

The KLMS was recognized as a solution to deal with
nonlinear adaptive filtering [21]. The main change from LMS
to KLMS is a mapping of the input signal U to a Hilbert space
H through a kernel function.

In Figure 3 the weight-update equation is

w(n+ 1) = w(n)− µ e(n)κγ(n) (7)

where κγ(n) = [κ(u(n),u(γ1)), κ(u(n),u(γ2)), . . . ,
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FIGURE 3. Adaptive Filter algorithm.

κ(u(n),u(γM ))]⊤ is a vector of kernels at time n > M and
κ(.,u(γm)) is the mth function of the dictionary.

With the KLMS algorithm, it is necessary to select a kernel
method to use [34]. In this work, we used the Gaussian
kernel, given by:

κGauss (x,x
′) = exp(−ν∥x− x′∥2), (8)

where ν ∈ R>0 and x,x′ ∈ Rp ⊆ U .
Several kernel methods are used in the literature [35],

[36]. Other standard kernels are Laplacian and Polynomial,
but new kernel methods can be designed depending on the
application.

D. NORMALIZED KLMS – NKLMS
For further improvement on the KLMS algorithm, a joint
approach of NLMS and KLMS can be used [19]. NKLMS
improves the tracking and convergence speed of the adaptive
algorithm. The normalization is the same as in NLMS, Eq.
(6)), but happens after the Hilbert space mapping, leading to

w(n+ 1) = w(n)− 2
µ

∥κγ(n)∥2
e(n)κγ(n). (9)

Comparing NLMS to NKLMS, there are some advantages
[19]:i) easy implementation; ii) easier to choose working
parameters; iii) faster convergence time; iv) little computa-
tional time added; and v) increased robustness because of
normalization, which solves scaling issues.

The NKLMS algorithm [19] is not extensively explored in
the literature, having few indexed citations.

IV. EVALUATED METHODS
Speaker recognition usually use a feature extraction and clas-
sification [13]. Sometimes, these are designated as front-end
and back-end, respectively. For feature extraction, some com-
mon methods are MFCC, i-vectors, x-vectors, combinations
of different features, and many more. For classification, there
is also a high diversity of methods, such as Gaussian Mixture

Model (GMM), Hidden Markov Model (HMM), Dynamic
Time Warping (DTW), Vector Quantization (VQ), Neural
Networks (NN), Support Vector Machines (SVM), Linear
Discriminant Analysis (LDA), Probabilistic LDA (PLDA),
and Euclidean Distance. For more details, we recommend
reading Mohd Hanifa et. al. review [13].

In this work, we evaluated the dataset corruption with four
methods: i-vectors [28], x-vectors [28], ECAPA-TDNN [37],
and ResnetSE34 [38].

As evaluated by [39], the ECAPA-TDNN and ResnetSE34
methods are not the state of art for speaker verification, but
achieve EERs close to 1%. In the following subsections we
disclose about the methods evaluated in this paper.

A. I-VECTORS
Most speaker recognition systems used i-vectors [28]. I-
vector is a method for extracting acoustic features from sig-
nal with GMM-UBM (Gaussian Mixture Model - Universal
Background Model). For classification/scoring, a PLDA is
used. The evaluated method in this work was implemented
by [28].

B. X-VECTORS
X-vectors were proposed by Snyder et. al. [28], training
to discriminate between speakers. The implementation is
available as a Kaldi Toolkit [40] Recipe named voxceleb2.

Uses filterbanks as input of a Deep Neural Network
(DNN). The DNN is trained to classify the speakers, in which
the output layer is the classification of speaker in one-hot
encoding manner. The second last hidden layer is used as the
speaker embeddings.

In this method, using data augmentation improves embed-
ding learning, unlike i-vectors. For classification, PLDA is
used in the same manner as i-vectors.

2Available at https://github.com/kaldi-asr/kaldi/tree/master/egs/voxceleb.
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C. ResNetSE34
This implementation is based on the usage of Squeeze and
Excitation (SE) block [38]. SE is a new architectural unit
for neural networks, which explores the relationship between
channels. It was proposed to improve Convolutional Neural
Networks (CNN), and achieved state-of-art performance at
several experiments.

We evaluated the ResNetSE34 implementation from [41]3,
which was also commented at [39]. This implementation
achieved an EER of 0,93% at VoxCeleb test split. Despite
not presenting state-of-art results at VoxCeleb dataset, it still
achieves competitive results.

D. ECAPA-TDNN
ECAPA-TDNN – Emphasized Channel Attention, Propaga-
tion, and Aggregation in Time Delay Neural Network –
proposes multiple improvements to x-vector speaker embed-
ding [37]. The work changed the neural network topology at
several points, introducing the SE block [38].

In this work, we used the implementation made available
by [41].

V. EXPERIMENTAL SETUP
In this work, we generated a dataset from VoxCeleb
and MUSAN. After simulating diversified conditions with
pyroomacoustics library, we evaluated the quality of
speaker recognition. Later, we explored the best parameters
of LMS, NLMS, KLMS, and NKLMS adaptive filters. We
applied the filters to the generated dataset using the best
parameters, reevaluating the speaker recognition quality.

Speech dataset: VoxCeleb [42] is a popular dataset [8]
for speaker recognition. It was created from public YouTube
videos, using audio and video information to identify the
current speaker. Its corpus has 1251 speakers, with a diverse
amount of people and conditions. In this work, we used
the VoxCeleb1 test split to validate the speaker recognition
quality. The test split includes 40 speakers and a total of 4,874
utterances, at a sample frequency of 16,000.

Noise dataset: MUSAN [43] is a dataset containing three
types of sound: music, speech, and noises. It was created by
crawling several sources, seeking variability in the sounds.
In this work, we used these sounds randomly, considering all
of them as noise. With the MUSAN dataset we could create
diversified conditions for the generated dataset.

Generated dataset: Using both VoxCeleb1 and MUSAN
datasets, we generated a new dataset through simulation. The
simulations were made with pyroomacoustics library,
with randomized settings. For each VoxCeleb1 sample, we:

i. Created a room with random dimensions:
◦ width and depth: random integer from 5 to 15;
◦ height: random integer from 2 to 5;

ii. Selected a random material for the room walls, ceiling,
and floor (random reverberation coefficients);

3Available at https://github.com/ranchlai/speaker-verification.

iii. Positioned the speaker randomly;
iv. Selected a random noise from the MUSAN dataset;
vi. Normalized the noise to the same amplitude as the

speaker; and
vii. Positioned the noise randomly.
This approach will give the generated dataset random noise,
distortion, and intelligibility conditions.

Speech Enhancement: The generated dataset is then fil-
tered by LMS, NLMS, KLMS, and NKLMS adaptive filter
algorithms. There are innumerable ways to choose an adap-
tive filter input and learning target. In this work, we use the
approach in Figure 4, where the filter learns to predict the
clean signal.

Kernel Function: In this work, we use the Gaussian Ker-
nel function, which is commonly used. The kernel function
can be chosen based on prior knowledge about the signal
behavior [44, chap. 13]; however, there is no definite way to
select the best kernel. Other kernels will also show positive
results for speech enhancement, and, possibly, better perfor-
mances.

Parameters selection of the adaptive filters: Choosing
the best kernel function and parameters is tricky [8]. In this
work, we evaluated several configurations by filtering the
same 50 samples from the generated dataset. In a brute-force
manner, we evaluated each configuration with the metrics
SNR, SDR, STOI, and PESQ. The best configurations were
used in our speaker recognition experiments. In [8], this
approach for choosing parameters is also used.

The evaluated parameters were:
i. For LMS and NLMS:

(a) Step Sizes– µ: {0.1; 0.2; 0.3; 0.4}.
(b) Filter Order: {16; 32; 64; 128; 256; 512; 1024}.

ii. For kernel methods:
(a) Step sizes – µ: {0.001; 0.05; 0.01; 0.1; 0.2; 0.4;

0.6}.
(b) Dictionary sizes (or filter order): {16; 32; 64; 128}.
(c) Gaussian kernel parameter – ν: {1e-1; 1e-2; 1e-3;

1e-4; 0.2; 0.4; 0.6; 0.8; 1.4; 1.6; 1.8; 2.2; 3.0; 1; 5;
10; 20; 50; 100}

The kernel methods took a longer execution time. Therefore,
we evaluated fewer dictionary sizes.

Recognition model: In all models, we used pretrained
models made available online. For i-vectors and x-vectors,
two versions of the Kaldi recipes were provided, named
v1 and v2, respectively. The pretrained recipe mod-
els are available at https://kaldi-asr.org/models/m7 [28].
For ResNetSE34 and ECAPA-TDNN, the code and pre-
trained models are available at https://github.com/ranchlai/
speaker-verification [41].

Parameters selection of the recognition models: The
parameters of the evaluated models were previously config-
ured and trained. The following number of features were
extracted:

• i-vectors: 400;
• x-vectors: 512;
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FIGURE 4. Filtering Approach.

• ResNetSE34: 256;
• ECAPA-TDNN: 192.

We recommend going to [28] for more details in i-vectors
and x-vectors configuration. For ECAPA-TDNN, the spec-
ifications were detailed at [37]. The ResNetSE34 model
implementation is available at [41].

A. EVALUATION METRICS
In this work, we evaluate the results with intelligibility and
classification metrics. Intelligibility metrics compare the es-
timated signal to the expected result, giving an idea of the
filter quality. We also evaluate the expected (original) signal
with itself, which helps to understand the metric boundaries.
The classification metrics evaluate the speaker recognition
quality.

In the following, we summarize the used metrics.

1) Intelligibility
SNR – Signal to Noise Ratio: There are several metrics in
the literature that evaluate speech quality and intelligibility.
The default signal quality metric is the SNR [10]. The SNR
is a metric adequate for quality when the system presents
additive noise unrelated to the main signal. The SNR is
defined by the rate of the input signal average amplitude
M(Ain) by the absolute average difference of the original
signal M(Ao) and the reconstructed noise M(Ar):

SNR =
M(Ain)

|M(Ao)−M(Ar)|
. (10)

Signal to Distortion Ratio – SDR: The SDR was created
to evaluate source separation methods [45]. SDR seeks to
give an overall quality measure of sound sources.

Short-Time Objective Intelligibility – STOI: The STOI
metric computes the average correlations across all 1/3-
octave bands and 384ms blocks [1]. The average correlation
creates an intelligibility score. When subject to nonlinear
processes, this metric may fail to evaluate intelligibility cor-
rectly.

Perceptual Evaluation of Speech Quality – PESQ: The
PESQ metric is recommended by the ITU-T study group4 as
an objective measure of speech quality [1]. PESQ metric was
created to evaluate codec and network conditions reliably.

2) Classification
The usual metric to evaluate speaker recognition quality is
the Equal Error Rate (EER), also called Correlation Error
rate. EER is dependent on FRR and FAR metrics, given by
[46]:

FRR =
TN

TP + TN
= False Refection Rate (11)

and

FAR =
FP

FP + FN
= False Alarm Rate (12)

where FP is false positives; FN is false negatives; TP is true
positives and TN is true negatives.

The EER is defined by the decision threshold where
FAR = FRR, seeking a balance in the system. The FAR
and FRR metrics are inversely proportional, therefore: if FAR
is high and FRR low, the system will be user “friendly”,
however, insecure; if FRR is high and FAR low, the system

4Recommendation P.862

TABLE 1. Intelligibility evaluation of the VoxCeleb1 test split.

Condition SNR SDR STOI PESQ

Original 92.11± 5.59 inf 1.00± 0.00 4.64± 0.00
Corrupted −5.62± 1.94 −7.95± 6.69 0.33± 0.16 1.10± 0.13

LMS −14.93± 15.05 −14.54± 15.46 0.47± 0.20 1.29± 0.41
NLMS 3.69± 1.61 3.58± 2.61 0.80± 0.08 1.60± 0.28
KLMS 8.49± 3.91 27.45± 9.54 0.99± 0.03 4.10± 0.64
NKLMS 9.019.019.01± 3.31 46.2646.2646.26± 12.03 1.001.001.00± 0.00 4.644.644.64± 0.02

Legend: SNR – Signal to Noise Ratio; SDR – Signal to Distortion
Ratio; STOI – Short-Time Objective Intelligibility; PESQ – Perceptual
Evaluation of Speech Quality.
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will not be user “friendly”, but secure. The system designer
must decide the system balance.

Other metric common for speaker recognition is the De-
tection Cost Function – DCF, which is a weighted sum of
EER and FAR [46]:

CDet(θ) =CMiss × PMiss|Target(θ)× PTarget+

CFalseAlarm × PFalseAlarm|Nontarget(θ)× (1− PTarget),
(13)

where θ is the decision threshold, CMiss the false rejection
cost, CFalseAlarm the false acceptance cost, PTarget the target
speakers probability. There are several variations of the equa-
tion, mostly with NIST’s different editions.

VI. RESULTS AND DISCUSSION
Selected parameters: Table 2 lists the selected parameters
for the adaptive filters. These parameters are based on the
parameters selection procedure described in Section V.

TABLE 2. Adaptive filter parameters.

Filter Step Size Filter Order Kernel Parameter

LMS 0.20 512 -
NLMS 0.20 256 -
KLMS 0.10 16 ν = 1.4
NKLMS 0.60 16 ν = 20

The ν parameter only exists for Gaussian kernel algorithms. Both
KLMS and NKLMS use Gaussian kernel.

High ν parameter: When evaluating the NKLMS algo-
rithm, we observed that larger values for the ν parameter
improved the intelligibility metrics. However, with values
larger than 20, all metrics were stabilized.

Waveforms Figure: Figure 5 show the waveforms of a
signal in several conditions. “Original” refers to the clean
noise from the dataset; “Corrupted Signal” is signal corrupted
by noise – as described in Section V, adding reverberation
and noise – and the LMS, NLMS, KLMS, and NKLMS
adaptive algorithms waveform after denoising.

Figure 6 show how the energy in different frequency bands
changes over time for the waveforms of the same sample of
Figure 5. Comparing (b) to (a), we can see the changes after
the corrupted dataset. The next images show the spectrogram
after filtering with LMS (c), NLMS (d), KLMS (e) and
NKLMS (f).

Intelligibility evaluation: Table 1 presents the average
intelligibility metrics from the experiments. We also show the
intelligibility metrics for each condition listed. The first line
shows the original dataset metrics – the baseline values. The
second line shows the metrics after simulation – the corrupted
dataset generated. The average SNR in the corrupted dataset
is −5.54, with a standard deviation of 1.93 (most works
stop evaluating at an SNR of 0). With NKLMS (bold), we
achieved the best values in all intelligibility metrics.

Speaker Recognition evaluation: Tables 3 and 4 show
the speaker recognition results for the experiments at the
evaluated conditions. In both Tables, 3 and 4, the NKLMS

method improved the evaluation quality significantly, getting
close to the original EER and MinDCF metrics.

As observed in Table 3, from top to bottom models, the
EER in the simulated dataset improves. This indicates that
newer models are becoming more robust. However, after the
application of filters, the EER almost reaches it’s original
performance.

ECAPA-TDNN vs ResNetSE34: The ECAPA-TDNN
[37] introduced a new network topology, while ResNetSE34
[41] is based on ResNet, a common neural network ar-
chitecture. Although ECAPA-TDNN have more complexity,
ResNetSE34 still outperforms it.

LMS Results: As observed in Table 1, the LMS is, in
average, worsening the corrupted signal SNR and SDR. After
filtering, the EER is also worse than the corrupted dataset.
This can explain why classification after filtered with LMS
presents a worse EER in ECAPA-TDNN compared to x-
vector.

NKLMS intelligibility: The NKLMS reached values
close to the original set, in STOI and PESQ metrics. How-
ever, looking at NLMS STOI and PESQ, the metrics also
performed reasonably well. Despite not being as close to
the original signal, such as kernel-based filters still presented
an improvement on EER. Therefore, a larger intelligibility
evaluation does not mean that speaker recognition accuracy
will be robust.

Objectively evaluating intelligibility: According to [28],
there are several challenges in training models for speaker
recognition. Ideally, some models might learn to the point of
intrinsically ignoring any noise. However, objective speech
enhancement algorithms may be beneficial when focusing on
systems robustness. The dataset generation approach used in
this work can also be applied for better data augmentation,
which is benefical for training several models. Therefore, this
is another contribution of this work, despite being untested.

NKLMS performance: In our experiments, NKLMS
adaptive filter achieved the best results. All filters were learn-
ing from the same data, which includes filtering both noise
and room reverberation. This indicates that the NKLMS
filter, when applied to the real world, has the potential to im-
prove speaker recognition robustness. The conditions created
by the generated dataset were harsh, resulting in an SNR of
−5.54 ± 1.93, when most works stop at an SNR of 0 [11],
[12], [47], [48].

NKLMS cost-benefit: The computational time to execute
NKLMS algorithm is highly dependent on the chosen ker-
nel. In our experiments, with Gaussian kernel, the NKLMS
computational time with the chosen filter order was not much
larger than that of LMS, per example. With little complexity
added, the algorithm was able to improve the EER up to 30
times when compared to LMS, which most of the experi-
ments yielded worst results than the simulated.

Finite filter order: As commented in Section V, in this
work, we approach the adaptive filters using a finite filter or-
der (dictionary size). This parametrization allows to regulate
the adaptive filters complexity, which, otherwise, would be
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TABLE 3. EER evaluation of VoxCeleb1 test split for each model.

Model Original Simulated LMS NLMS KLMS NKLMS

i-vectors 5.34% 38.20% 39.60% 12.65% 6.38% 5.67%
x-vectors 3.11% 38.06% 35.45% 8.04% 3.67% 3.30%
ECAPA-TDNN 1.10% 36.33% 42.74% 4.70% 1.69% 1.39%
ResNetSE34 0.93% 30.13% 33.37% 3.72% 1.40% 1.11%

TABLE 4. MinDCF evaluation of VoxCeleb1 test split for each model.

Model Original Simulated LMS NLMS KLMS NKLMS

i-vectors 0.4970 0.9994 0.9999 0.8622 0.5562 0.5306
x-vectors 0.3278 0.9999 1.0000 0.6593 0.3448 0.3433
ECAPA-TDNN 0.0847 0.9998 0.9999 0.2887 0.1071 0.0930
ResNetSE34 0.0741 0.9999 0.9999 0.2537 0.0990 0.0854

increasing linearly at each iteration. We kept a low filter order
for the kernel-based algorithms, otherwise, the computational
time would greatly increase. However, even with lower filter

orders, the kernel-based algorithms yielded better results. To
obtain acceptable results with the linear filters, a large filter
order is required.

FIGURE 5. Signal Waveforms in the evaluated conditions: (a) Original signal; (b) Corrupted signal; (c) Filtered signal by LMS;(d) Filtered signal by NLMS (e)
Filtered signal by KLMS; and (f) Filtered signal by NKLMS.
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FIGURE 6. Signal Spectrograms in the evaluated conditions: (a) Original signal; (b) Corrupted signal; (c) Filtered signal by LMS;(d) Filtered signal by NLMS (e)
Filtered signal by KLMS; and (f) Filtered signal by NKLMS.

Different tested orders in filters with and without ker-
nel: We experimented with some filter orders kernel-based
and non-kernel-based adaptive filters quite differently. In
kernel-based algorithms (KLMS and NKLMS), when in-
creasing the dictionary size, the algorithm presents a long
runtime – note that the experiments were done in python,
which negatively impacts the performance. For linear adap-
tive algorithms, LMS and NLMS, a larger filter order was
preponderant for the adaptive learning.

VII. CONCLUSION
With the goal of improving speaker verification accuracy
in noisy environments, in this work we generate a dataset
by simulating room reverberation conditions with noise in-
side the room. We used VoxCeleb1 for speech samples and
MUSAN noises. In our best results, the simulated dataset
degraded the EER from 0.93% to 30.13%.

However, we applied adaptive filters, which attenuated this
degradation. The best filter in our experiments is NLMS, a
joint of NLMS and KLMS (based on [19]). The NKLMS

improved the EER degradation from 30.13% to 1.11%, which
is close to the baseline EER (0.93%).

Our results indicate improvements of speaker recognition
in noisy environments through NKLMS adaptive filter. Fu-
ture works will involve:

• training with a filtered dataset (after simulation);
• testing more diversified noisy conditions; and
• evaluating of other speech enhancement algorithms,

such as multi-run Independent Component Analysis
(ICA) [49] and ICA through Entropy Bound Minimiza-
tion (ICA-EBM) [50].
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