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Abstract
This paper describes the system developed by Intelligent Voice 
for IberSpeech 2022 Albayzin Evaluations Speaker Diarization 
and Identity Assignment Challenge (SDIAC). The presented 
Variational Bayes x-vector Voice Print Extraction (VBxVPE) 
system is capable of capturing the vocal variations using multi-
ple x-vector representations with two-stage clustering and out-
lier detection refinement a nd i mplements D eep-Encoder Con-
volutional Autoencoder Denoiser (DE-CADE) network for de-
noising segments with noise and music for robust speaker 
recognition and diarization. When evaluated against the Ra-
diotelevision Espanola (RTVE) 2022 evaluation dataset, the 
system was able to obtain a Diarization Error Rate (DER) of 
37.2% for the Speaker Diarization and Identity Assignment 
task and 44.34% for the Speaker Diarization only tasks. 

Index Terms: speaker recognition, diarization

1. System Description
This paper presents a novel Variational Bayes x-vector Voice 
Print Extraction (VBxVPE) system, for speaker diarization and 
recognition by implementing the Deep-Encoder Convolutional 
Autoencoder Denoiser (DE-CADE) speech enhancement 
model [10] to cancel out noise, music and reverberation for 
effective speaker diarization and identity assignment. VBxVPE 
is capable of capturing an individual speaker’s speech 
variability resulting from different speaking styles and vary-
ing vocal effort using multiple x-vector representations asso-
ciated with a speaker. The novelty of our work lies in the core-
extraction procedure where we refine the x-vectors by imple-
menting a robust outlier detector followed by re-clustering of 
the vectors using the Hierarchical Density-Based Spatial Clus-
tering of Applications with Noise (HDBSCAN) clustering al-
gorithm, to obtain refined clusters from which the centre of the 
refined clusters are extracted as the cores representing the dif-
ferent acoustic variations in speech of the speaker of interest. 
The core representations are then stored in a vector database, 
which supports semantic vector search using cosine similarity to 
identify the closest match between the enrolled and test speaker 
cores.

The x-vector extraction was performed on an NVIDIA 
GeForce GTX 1080 Ti GPU where as the rest of the processes 
were executed on a single core 64-Bit CPU with Intel Xeon 
2.20GHz processor and 128GB RAM.

1.1. Data Preprocessing

The audio files were provided in the Advanced Audio Coding 
(AAC) file format sampled at 44100 Hz with two channels, by 
default for both enrolment and inference. These were down-
sampled to 8 KHz, a standard sample rate for recording the hu-
man voice, and converted to a mono channel WAV file format 
using the Fast Forward Motion Picture Experts Group (FFM-
PEG) python library [1]. The WAV files were then used for

either enrolment (Section 1.5) or evaluation (Section 1.6) as per
the RTVE evaluation set specifications [2].

1.2. VAD and X-Vector Extraction

An energy based Gaussian Voice Activity Detection (VAD) sys-
tem operates on the audio files to get rid of non-speech segments
within the audio that might lead to noisy x-vectors. 256 dimen-
sional X-vectors were extracted from the segments specified by
VAD using a pre-trained ResNet-101 (8Khz) network [3]. The
extracted x-vectors were reduced to 128 dimensions using LDA
dimensionality reduction for further processing.

1.3. Speaker Diarization

VBx diarization [3] was chosen as the reference architecture
for speaker diarization due to its superior performance on three
of the most popular datasets for evaluating diarization: CALL-
HOME [4], AMI [5] and DIHARDII datasets [3]. The Agglom-
erative Hierarchial Clustering (AHC) algorithm [6] used by the
VBx diarization system [3] was replaced by a greedy cluster-
ing algorithm which operates by calculating the cosine similar-
ity between a vector and every other x-vector that appears on
the sequence after the reference x-vector. The algorithm scans
for the drop in similarity below the threshold of 60% which
was defined based on our experimental observations between
the vectors and forms a mini cluster and then starts clustering
again with the next x-vector in the sequence as a reference vec-
tor. Once all the x-vector clusters are obtained, similar clus-
ters are merged based on the similarity between the reference
x-vectors. The implemented greedy algorithm runs 1.8 times
faster than AHC and improves the DER by 0.91% [3] when
evaluated against the evaluation set of the third DIHARD Chal-
lenge [7]. Then, a PLDA model pre-trained on a large number
of speaker-labeled x-vectors [3] scores the obtained clusters to
verify the likelihood ratio between them [8], thereby preparing
the final diarization output detailing who spoke when in the au-
dio file.

1.4. Core Extraction

Core Extraction also known as Voice Print Extraction can be
regarded as the process of generating a distinct vocal signa-
ture from the acoustic features present in a person’s speech.
For every speaker recognized, the core extraction is performed
in two stages i.e. Outlier Detection and then HDBSCAN
Clustering[9].

Initially, all the x-vectors representing a speaker are
grouped together and investigated for outlier detection where
the system calculates a cosine similarity matrix between all the
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x-vectors and eliminates any noisy x-vectors. Noisy x-vectors
are identified based on the cosine similarity measure and the
vectors that cannot demonstrate a strong association with any
of the major clusters are discarded. The remaining vectors are
then processed with HDBSCAN clustering with an aggressive
setting by enabling the ’allow single cluster’ parameter [9] i.e.
the x-vectors are re-clustered. This will yield a minimum of
one cluster. The number of clusters indicates the distinct speak-
ing styles captured from a speaker’s vocal features, enabling the
system to capture and identify the speaker of interest across a
variety of domains. Finally, the centres of the obtained clus-
ters (simple centroid calculation) are extracted and stored as the
voice print of the speaker.

1.5. The Enrolment Pipeline

Based on the audio files provided for enrolment by the
RTVE2022 dataset, 90 speakers were enrolled from audio files
containing speech from the speaker of interest (∼30 seconds per
speaker). The total enrolment time was reported as 3 minutes
and 13 seconds.

Fig. 1 shows the enrolment pipeline for enrolling the
speakers for performing speaker recognition with the proposed
VBxVPE system. The enrolment procedure commences by ac-
cepting the audio and label for the speaker of interest as meta-
data.

Figure 1: Enrolment Pipeline

Since the enrolment files only contained speech from the
speaker of interest, diarization was not performed in the enrol-
ment pipeline, only in the evaluation pipeline. After VAD and
x-vector extraction is performed as described in Section 1.2, the
voice print for the speaker of interest is extracted across all the
files containing the speaker based on the metadata provided as
described in Section 1.4.

After extracting the cores across, core refinement is per-
formed by comparing the obtained voice prints against each
other using cosine similarity and discarding the cores with simi-
larity greater than 85%, which is the ideal threshold determined
by trial and error to prevent duplication. All unique voice prints
derived from the phonetic features constituting the speaker’s
voice are then enrolled in the vector search database along with
a unique speaker id.

1.6. The Evaluation Pipeline

For evaluation of the speaker identity recognition system, the
evaluation set of the RTVE 2022 dataset contained 25 hours
of audio with overlapping speech segments, background music
and frequent speaker change. The total evaluation time was re-

ported as 4 hours and 59 minutes.

Figure 2: SITW Evaluation Pipeline

Fig. 2 presents the evaluation pipeline for the VBxVPE
system. The developed speaker recognition system only re-
quires audio recordings containing speech as the input for evalu-
ation. Since the evaluation files may contain multiple utterances
from different speakers, diarization is performed as discussed
in Section 1.3. Speaker diarization facilitates the grouping of
x-vectors associated with the speakers identified.

For every speaker identified by diarization, the core/s is ex-
tracted from the pool of x-vectors associated with the speaker as
explained in Section 1.4. The cores are then searched across the
vector search database which is capable of performing semantic
vector search based on cosine similarity. Speakers are identi-
fied if there is a match greater than the identification threshold
of 65%, determined through trial and error experiments, with
any enrolled core representing the speaker in the vector search
database. The final output was provided in the Rich Transcrip-
tion Time Marked (RTTM) file format.

2. Conclusions
The presented x-vector based voice biometric system aims to
refine the speaker verification approach further by proposing a
novel voice print extraction algorithm able to capture numerous
speech based phonetic variations associated with the speaker of
interest using multiple x-vector representations through outlier
detection refinement and two-stage clustering.
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