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Speech recognition is one of the important technologies of biological information recognition, which can
extract the corresponding characteristics through language recognition, so as to recognize the generated speech.
The International Institute of Technology (National Institute of Standards and Technology) evaluated speech
recognition technology and found that the Probabilistic Linear Discriminant (PLDA), Analysis) model was
goodHowever, in practice, speech recognition is easily affected by external factors such as environmental
noise and human voice, leading to differences between registered and test speech and making data processing
difficult. These challenges limit its application. To address issues of timelength variation and limited training
samples, this study applies and refines a PLDA-based probabilistic correction model by adjusting its distribution
using speech data. Finally, the PLDA parameters obtained by the training are taken as the test value, and the
hydrodynamic simulation software is used to improve the performance of speech recognition. Hydrodynamic
simulation enhances the PLDA model’s robustness by addressing speech duration and cross-domain variability,
leading to improved recognition accuracy. Experiments demonstrate notable gains in both EER and DCF metrics.
It is found that the speech recognition method based on PLDA model can effectively improve the recognition
function after hydrodynamic simulation, solve the problems of time length mismatch and limited training
samples, and provide a theoretical basis for the application of PLDA model in speech recognition.
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1. Introduction

With the rapid development of the society and the con-
tinuous replacement of The Times, China has entered the
information age. Identity verification plays an important
role in modern times, but traditional ways like passwords
and barcode systems are often employed; yet, they are
prone to being stolen or misused, particularly for password-
based approaches [1, 2]. In contrast, biometric authenti-
cation relies on unique physiological or behavioral traits
like voice, fingerprints, or irises for enhanced accuracy and
safety. Speech recognition stands out due to its accessibility
and affordability. The human body has unique biologi-

cal characteristics that are difficult to duplicate, making
biometric keys secure and convenient as they cannot be
easily forgotten or stolen [3]. Speech recognition is a bio-
metric identification technology, similar to fingerprint and
iris recognition, used for identity verification. Compared
with other biometric methods, it is more convenient and
cost-effective, as speech can be captured via mobile devices
with low hardware requirements, while feature extraction
and model training can be performed on a computer [4].

Speech recognition emerged in early-mid 20th century
focusing on voiceprint analysis [5]. Later, research shifted
to acoustic feature extraction and linear prediction meth-
ods [6–8]. Mid-to-late 20th century introduced sound dis-
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crimination via Hidden Markov Model (HMM) [9]. Sub-
sequently, Gaussian Mixture Model (GMM) and Univer-
sal Background Model (UBM) were effectively applied to
model speech distributions [10]. These approaches have
several limitations when dealing with variability among
various speakers and transmission media. In order to solve
this problem, Joint Factor Analysis (JFA) was proposed
to account for the different types of variability. Build-
ing on this, the i-vector method provides an efficient low-
dimensional representation of speech features. Moreover,
the PLDA technique models variability between and within
speakers. Several speech recognition technologies have
emerged [11]. Joint Factor Analysis (JFA) models speech
characteristics across subspaces and is widely used. In-
spired by JFA, the ivector framework was proposed [12],
offering lower-dimensional representations. I-vectors are
often combined with LDA and WCCN. Later, PLDA was
introduced, showing strong robustness in speaker recogni-
tion [13]. Several recent papers have emphasized important
strides made in the field of automatic speech recognition
for a variety of low-resource languages. This shows that
current ASR systems can easily adapt to different acoustic
environments [14]. Sri Harsha Grandhi proposed a hyper-
heuristic-based stutter speech recognition system using
Mel spectrogram, PLP features, and deep learning with
WFST decoding, improving robustness and accuracy in
irregular speech conditions [15].

This study improves speech recognition by addressing
duration variation and limited data. A probabilistic PLDA
correction reduces mismatches, while cross-domain migra-
tion with hydrodynamic simulation enhances robustness
for speaker verification and identification.

Speech recognition includes two stages: training and
recognition. During the training stage, the features and
representations of speech should be extracted and stored in
the database. During the recognition phase, the parameters
present in the test speech were lateral and the results were
judged, as shown in Figure 1.

Fig. 1. Speech recognition framework diagram

Figure 1- Speech recognition framework diagram - illus-
trates the stages of speech recognition, including feature

extraction, training, and testing; shows how speech sig-
nals are processed and mapped to PLDA parameters for
recognition.

In feature extraction, speech features are derived from
raw audio signals, including short-time inverse chan-
nel feature parameters analyzed over short durations.
Speech is converted from analog to digital via sampling
and quantization [14]. Common sampling rates include
8000 Hz, 12500 Hz, and 16000 Hz with linear quantization.
Preprocessing includes pre-emphasis, framing, voice activ-
ity detection.

During pre-emphasis, high-frequency energy loss is
compensated by applying a high-pass filter to enhance
spectral balance, smooth the spectrum, and reduce noise,
typically using 6 dB/oct (20 dB/dec), as shown in Equa-
tion 1.

G(s) = k
sT

1 + sT
(1)

For the software, the Z transfer functions are shown in
Eq. 2.

H(z) = 1 − az−1 (2)

A is indicated as the pre-aggravation coefficient. In the
above equations, x(n) represents the input speech signal,
y(n) denotes the output signal after pre-emphasis filtering,
and n is the discrete time index.

Speech signals are segmented into frames before feature
extraction to ensure smoothness, typically remaining stable
within 30 ms . Window processing [16] is applied using
rectangular and Hamming windows, as shown in formulas
3 and 4.

ω(n) =
{

1, 0 ≤ n ≤ N − 1
0, other (3)

ωH(n) =

{
0.54 − 0.46 cos

(
2πn
N−1

)
, 0 ≤ n ≤ N − 1

1, other
(4)

Voice Activity Detection (VAD) identifies speech and
non-speech regions in speech signals to improve recogni-
tion accuracy, reduce noise impact, and lower computa-
tional load [17]. Methods include energybased, model-
based, sliding window, and multi-signal approaches.
Energy-based uses signal energy, model-based uses trained
speech/non-speech models, and sliding window applies
thresholded fixed windows respectively.

Feature extraction of the speech signal is an important
part of speech technology. Prior to this, raw speech signals
are standardized through normalization and noise removal.
Signal normalization ensures consistent amplitude levels,
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while noise is reduced using filtering and voice activity de-
tection (VAD). At present, the feature parameters existing
in speech technology can be predicted linearly.

Mel-Frequency Cepstral Coefficients (MFCC) model hu-
man auditory perception of sound frequency. Humans are
less sensitive to high frequencies and more to low frequen-
cies. Below 1000 Hz , perception is linear; above 1000 Hz ,
it becomes logarithmic. The mapping relationship is shown
in Equation 5 in the corresponding signal processing model
framework.

FMEL = 2595 ∗ lg
(

1 +
FHZ
700

)
(5)

In equation 5, FHZ represents the current frequency,
FMEL represents the perceived frequency, and the log-
growth relationship is shown in Figure 2.

Fig. 2. Relationship between linear frequency and Mel
frequency

Human auditory perception shows frequency-
dependent sensitivity, with speech clarity most affected
in the 200 − 5000 Hz range [18]. Low-frequency sounds
can mask higher frequencies, and critical bandwidth
is narrower at low frequencies than high frequencies.
Therefore, triangular Mel filter banks are used to match
perception. MFCC extraction is illustrated in Figure 3.

Fig. 3. M Flow chart of FCC parameter acquisition

Figure 3 - Flow chart of MFCC parameter acquisition.
Shows the steps from speech signal preprocessing to fre-
quency filtering, energy computation, and cosine transfor-
mation; highlights how MFCC features are extracted for
use in the PLDA model.

The MFCC feature extraction process can be described
in a structured sequence as follows:
(1) Preprocessing: The voice signal goes through pre-
emphasis, framing, and windowing processes.
(2) Spectral analysis: Short-time Fourier transform is used
for spectral analysis.
(3) Mel-filtering: The filtered output from the spectrum
goes through a bank of filters based on the Melscale for
mimicking human hearing.
(4) Log energy: The energies obtained from the Mel-filters
are put on a logarithmic scale.
(5) DCT transformation: Log energies are transformed to
get MFCCs.

Speech signal is preprocessed into short-time spectrum.
Spectrum squared yields energy, and M-band Mel filter
bank computes band energies producing output power
spectrum x(k). Logarithm applied, then cosine transform
obtains MFCC coefficients as shown in Formula 6 respec-
tively for extraction.

Cn =
M

∑
K=1

log x(k) cos
[
π(k − 0.5)

n
M

]
, n = 1, 2, L (6)

In Equation 6, M is the number of filters, x(k) is the
filter output, and L denotes the filter order. Channel ef-
fects introduce variations and distortion in speech signals,
though channels remain stable over short periods [19]. In-
verted spectrum parameters are relatively invariant, and
convolutional noise can be reduced using a high-pass filter
[20]. Mitigation methods include CVN, Feature Warping,
Feature Mapping, and CMS [21]. This study uses CMS and
CVN; CMS is given in Equation 7.

C′
d = Cd(t)−

1
N

N

∑
i=1

Cd(i); d = 1, 2, · · · , D (7)

In Equation 7, Cd(t) represents the feature component,
D represents the feature dimension, and N represents the
total number of frames.

CNV is mainly the error after the cheap channel of spec-
tral features, see Equation 8.

C′
d(t) =

Cd(t)
σd

; d = 1, 2, · · · , D (8)

σd In formula 8, the standard variance in d is indicated.
Generally speaking, CMS and CVN are used to improve
the robustness of the system.
Consider ωi,j as the j speech i -vector vectors of the i -source,
as shown in formula 9.

ωi,j = µ + ϕβi + Gwi,j + εi,j (9)
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In the formula, u represents the mean of the i -vector, ϕ

represents the matrix, which can also be used as a subspace
for speech data processing, and G represents the channel
subspace, β I represents speech related implicit variables,
wi, j represents the speaker’s implicit variables, and εi,j

represents residuals. In addition, the PLDA model will also
merge Gwi, j , and εi,j as a noise term, as shown in formula
10 .

ωi,j = µ + ϕβi + εij (10)

The basis for establishing a PLDA model is to input data
and perform EM calculations on the parameters.

The EM algorithm uses an iterative approach to estimate
the parameters of the model:
(1) Expectation step (E-step): calculates the expectation of
the latent variables based on the current parameter esti-
mates.
(2) Maximization step (M-step): updates the parameters by
maximizing the likelihood function with the results from
the E-step.

If there are N speakers in the development set, speaker
i has Mi speech segments and i -vector representation. EM
algorithm estimates PLDA parameters via maximum likeli-
hood. E-step computes hidden variable expectations itera-
tively. When J = 1 + M and 1 is identity matrix, formulas
11 and 12 are derived.

E (βi) = J−1ϕ
−1

∑ ϕ (11)

E
(

βiβ
T
i

)
= E (βi) E (βi)

T + J−1 (12)

If two i-vector ( 1ω, ω2 ) are determined, they are used
as test speech and trained speech respectively, and the two
hypothesis models are obtained from the logarithm for
specific calculation, see Equation 13.

score = log P (ω1, ω2 | H0)− log P (ω1, ω2 | H1) (13)

Where H0 is the same source and H1 is different sources.
Due to the influence of speech duration, if Ei,j follows a

normal distribution, then

εi,j − N

(
0,
( Lij

a

)−λ

∑
)

(14)

Where L ij is the j speech duration of the i speaker and a
is the tuning parameter.

If there are N speakers in the development set and Mi
speech segments in the i speech, the i-vector can be repre-
sented by ηij, and the posterior probability can be expressed
as formula 15 .

P
(

ηij | βi

)
= N

(
ηij

∣∣∣∣∣ ϕβi,

( Lij

a

)−λ

∑
)

(15)

After introducing the intermediate variable K , the de-
lay probability can be calculated by the Bayesian rule, see
Equation 16.

P (βi | Fi) = N

(
βi | K−1ϕ

−1

∑ M′
i Fi, K−1

)
(16)

The speech feature distribution is modeled as x ∼
N (µ, Σ), where µ and Σ are the mean and covariance of
i-vector features. To reduce duration and channel mis-
match, hydrodynamic simulation applies x′ = Ax + e,
where A is the transformation matrix and e ∼ N (0, Σh)

is residual noise. The resulting distribution is x′ ∼
N
(

Aµ, AΣAT + Σh
)
, used in the PLDA framework for im-

proved robustness.
The probabilistic correction model adjusts the i-vector

distribution using a transformation matrix and residual
noise to handle variability, and the corrected representation
is then integrated into the PLDA framework for improved
speaker modeling.

The overall process of the PLDA probabilistic correction
algorithm can be outlined as follows:
Stage 1: Input of speech signal and preprocessing (Pre-
emphasis, Framing, and VAD)
Stage 2: MFCC feature extraction and i-vector representa-
tion, where MFCC features are used to generate i-vector
representations that capture speaker characteristics and are
then processed by the probabilistic correction model within
the PLDA framework."
Stage 4: Probabilistic correction by taking into account du-
ration and channel variation
Stage 5: Modify i-vector distribution with the use of a cor-
rection model
Stage 6: Verification through obtained modified PLDA pa-
rameters
Stage 7: Recognition results output and evaluation of per-
formance (EER, DCF)

An ablation study is conducted to evaluate the effective-
ness of the probability-corrected PLDA method. The perfor-
mance of the baseline i -vector model, standard PLDA, and
the proposed PLDA correction model is compared. Results
show progressive improvement across models, with the
proposed method achieving the best EER and DCF values,
confirming the effectiveness of the probability correction
mechanism. Statistical significance testing is performed to
validate the improvements in EER and minDCF. A paired
t -test is applied between the baseline models and the pro-
posed PLDA correction model. The results indicate that
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Table 1. Experimental Parameters and Configuration

Parameter Description Value/Setting
Feature Type Acoustic feature extraction MFCC

i-vector Dimension Speaker representation size 400
PLDA Type Backend classifier Standard PLDA

Transformation Matrix (A) Correction mapping Learned matrix
Residual Noise ( Σh ) Variability modeling Gaussian noise
Optimization Method Model tuning approach Maximum likelihood

Evaluation Metrics Performance measures EER, minDCF
Dataset Evaluation corpora NIST SRE 2008/2010

Table 2. NIST SRE08 EER values for comparison

duration I-vector I-vector+PLDA The PLDA probabilistic correction model
Full length 10.9% 7.9% 7.1%

20s 14.9% 11.7% 11.3%
10s 17.8% 13.6% 13.4%

Table 3. NIST SRE08 DCF08 values for comparison

duration I-vector I-vector+PLDA The PLDA probabilistic correction model
Full length 0.0496 0.0362 0.0360

20s 0.0614 0.0526 0.0528
10s 0.0693 0.0648 0.0644

the performance improvements are statistically significant
( p < 0.05 ), confirming that the observed gains are not due
to random variation.

Computational complexity is considered to evaluate
the scalability of the proposed approach. The training
phase has higher computational complexity due to iterative
PLDA parameter estimation, whereas the inference phase
has relatively low complexity as it involves only similarity
computation.

A sensitivity analysis is conducted on the tuning pa-
rameter α to evaluate its effect on EER and minDCF. The
results indicate that performance remains stable within a
suitable range of α, confirming the robustness of the PLDA
correction model.

Hydrodynamic simulation is used to evaluate the PLDA
correction model under varying speech durations, noise
conditions, and real-world environmental variability to
assess its robustness and performance stability.

In order to verify the set probability correction model, it
was simulated by hydrodynamics, and the software NIST-
SRE 08 and NISTSRE10 were selected for performance test-
ing. With the help of 32dimensional UBM-GMM trained
in MFCC and 512, i -vector dimension is 400 , and the di-
mension of PLDA speech factor βi is 120 . To reduce the
influence of external factors, different GMM mixture or-
ders and data variations are considered. Cross-domain
migration is used to bridge the distributional differences
between NIST-SRE 2008 and NIST-SRE 2010 datasets, en-

abling consistent PLDA performance across heterogeneous
evaluation conditions. Dataset preparation includes a struc-
tured recording setup, participant variation, and channel
diversity across devices and environments to ensure com-
pleteness of the experimental data and improve robustness
under real-world speech conditions.

The NIST SRE08/SRE10 datasets include SwitchBoard
female data, UBM, T-matrix, and PLDA training models.
NIST04/05 provides 1077 UBM, 6063 T-matrix, 47027 PLDA
data, 1140 short2 training models, 1674 short3 tests, and
1800 iterations with 21580 recognition tests. NISTSRE10
core includes 11370 UBM, 20348 T-matrix and PLDA data.

NIST SRE08 and SRE10 were truncated to 10s and 20s
for evaluation. UBM, T-matrix, and PLDA were used with
fixed parameters. Three systems ( i -vector baseline, PLDA
+i -vector, and probability- corrected PLDA) were tested,
with α tuned 0.7 − 0.9 using mean duration. A sensitiv-
ity analysis of parameters α and λ shows their impact on
system performance across different speech durations and
testing conditions. The results indicate that proper tun-
ing of these parameters is essential, as variations lead to
noticeable changes in EER and DCF performance.

Using Equal Error Rate (EER) and Minimum Decision
Cost Function (minDCF), i-vector, PLDA, and probability
correction systems were evaluated under varying durations
in NIST-SRE08. EER increases with duration Table 2, while
DCF08 increases with shorter duration Table 3, showing
improved robustness of probability correction.



6 Wu Lixian et al.

Table 4. NIST SRE10 EER values for comparison

duration I-vector I-vector+PLDA The PLDA probabilistic correction model
Full length 8.2% 4.1% 3.7%

20s 12.7% 7.0% 6.5%
10s 17.7% 10.4% 9.9%

Table 5. NIST SRE10 DCF08 values for comparison

duration I-vector I-vector+PLDA The PLDA probabilistic correction model
Full length 0.0310 0.0362 0.0178

20s 0.0507 0.0320 0.0311
10s 0.0610 0.0438 0.0464

In NIST SRE10, EER values, DCF 08 values increased
with the length decrease, as shown in Tables 4 and 5.

NIST-SRE08 and NIST-SRE10 show similar trends, indi-
cating PLDA probability correction improves identification
performance. Under full-time NIST-SRE10 conditions, the
probability-corrected model achieves significantly better
EER and DCF08 values compared to the other two recogni-
tion systems, demonstrating superior robustness and accu-
racy overall. Compared with existing i-vector and standard
PLDA approaches, the proposed method shows improved
performance in terms of lower EER and DCF across dif-
ferent speech durations. This highlights its uniqueness in
effectively handling temporal and cross-channel variability
through duration-aware correction. These improvements
in EER and DCF indicate a reduction in both false accep-
tance and false rejection rates, enhancing overall system
accuracy. In practical applications, this leads to more re-
liable and robust speaker verification performance under
varying speech durations and channel conditions.

2. Materials and methods

PLDA-based speech recognition relies on development and
training data, but limited datasets reduce performance and
robustness. Existing resources from LDC, OGI, and Chinese
corpora (dialogue, scanning, tourism) support database cre-
ation, yet channel variability and single-channel recordings
limit effectiveness. This study proposes a cross-channel
voiceprint recognition database to improve diversity. The
dataset includes information, number strings ( 6 repetitions,
18 items), short passages ( 20 texts), and 10 dialogue topics
with ∼ 1-minute responses per dialogue. This structured
design of the speech corpus ensures phonetic balance and
linguistic diversity by incorporating varied speech contents
such as numerical strings, short passages, and spontaneous
dialogues, thereby improving the generalization ability and
reliability of the model.

The recording setup includes Skype, PowerGramo, and

Steinberg Cubase 5 software, along with microphones,
headsets, in-ear headsets, mobile phones, and recording
pen. Five voice input methods are used, including Skype
and mobile inputs, as shown in Figure 4.

Fig. 4. Enter the system design drawing

Figure 4 presents the system configuration of cross-
channel speech data acquisition involving the devices used
(microphones, headphones, in-the-ear headphones, and
mobile phones), modes of data input (Skype, recording
pen), and software involved (Steinberg Cubase 5, Power-
Gramo). It emphasizes the importance of collecting speech
data from 100 people systematically in order to train and
test PLDA models.

The cross-channel voiceprint database includes speech
data from 100 speakers recorded across multiple input
channels such as microphones, mobile phones, headsets,
and Skype. Balanced sampling was maintained, and chan-
nel variability was assessed based on differences in noise
levels and transmission characteristics, ensuring sufficient
diversity for reliable experimental evaluation.

A total of 100 subjects aged 20-24 was recorded in a
quiet room speaking Mandarin. Participants provided
name, age, and throat discomfort status before recording.
Post-recording, manual inspection was conducted to pre-
vent data entry errors and ensure dataset accuracy [22, 23].
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Speaker variability factors such as age and speaking rate
were considered during data acquisition to reduce dataset
bias and improve reliability. The participants were selected
within a consistent age group, and all subjects were in-
structed to maintain a natural and uniform speaking pace.

3. Results and discussion

There are two databases, A and B. Database A provides
large training data for PLDA, while B has limited data. Di-
rect transfer from A to B causes mismatch. A cross-domain
migration technique is proposed to adapt the PLDA model
from A to B effectively. The PLDA model parameters in
database A are set to ( φB, ∑B ), and the PLDA model pa-
rameters in target database B are set to ( φB, ∑B ). There is
a certain relationship between matrices φA and φB in the
relevant subspaces A. ∑ B is the variance matrix, which can
be fused on the model, as shown in formulas 17 and 18.

ϕr = aϕA + (1 − a)ϕB (17)

∑
r
= a ∑

A
+(1 − a)∑

B
(18)

Among them, ϕr represents the subspace after model
fusion, ∑ r represents variance, and a is the adjustment
parameter.

The study uses real network data as database A and
cross-channel speech recognition data as database B .
Database A contains 22,000 voice samples from micro-
phone and telephone channels. A 512-dimension UBM,
400-dimension T matrix, and PLDA model were trained
and evaluated in Table 6.

Table 6. Minimum DCF value comparison

φA And ∑ A test φ B and ∑ B test φ r and ∑ r test
0.2675 0.0844 0.0610

After data comparison, the PLDA model φr and ∑ The
r test identified it even better, while the φ B and ∑ B is
not very good. The reason for this analysis may be due to
the limited data samples in the B database, and the PLDA
model obtained after training is difficult to show speech
features. φA And ∑ A The test effect is the worst, and
the reason is mainly because of the difference between
databases, which directly leads to the low data matching
degree.

Figure 5 shows loud-region duration correlations with
speaker traits. It has moderate positive correlation with
age (Spearman = 0.53 ), strong negative with speaking
rate (Spearman = −0.76 ), and very strong with utterance

Fig. 5. Speech temporal feature correlation and PCA
visualization.

duration (Spearman = 0.96 ). PCA of i -vector/PLDA em-
beddings shows speaker space shifts, supporting duration-
aware PLDA correction. Temporal speech attributes like
speaking rate and duration affect i-vector/PLDA embed-
ding distribution, reducing clarity and increasing intra-
speaker variability.

Fig. 6. Prediction performance of temporal speech
attributes using i-vector/PLDA representations.

Figure 6 presents prediction performance for age (A),
speaking rate (B), and loud-region duration (C). Training
data shows strong linear alignment between true and pre-
dicted values using i-vector/PLDA embeddings. In test set,
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age (Spearman = 0.59, R2 = 0.71 ), speaking rate ( 0.74, 0.63
), and loud-region duration (0.81, 0.74) indicate increasing
performance respectively.

Fig. 7. Class-wise frequency activation intensity patterns
across speaker groups.

Figure 7 shows stable mid-to-high frequency activa-
tion with lower-frequency variability. Panels (A)-(B) align,
while (C)-(D) reveal increased high-frequency variability
and PLDA divergence under mismatched conditions.

4. Conclusion

Voice recognition uses voiceprint features for identity au-
thentication with simple operation, low cost, wide appli-
cability, and high security. However, systems are sen-
sitive to external factors causing duration inconsistency
and channel challenges. This study proposes a hydrody-
namic PLDA-based approach to improve recognition per-
formance, summarized in two main conclusions.

(1) For the problem of time length inconsistency, this
study proposed the PLDA probability correction model,
and trained it in detail, and found that the problem of time
length mismatch can be effectively solved, so as to improve
the speech recognition performance.

(2) For the high difficulty in channel acquisition, this
study proposes constructing a cross-channel voice library
and using a cross-domain PLDA recognition method to
improve recognition performance.
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