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ABSTRACT

Anti-spoofing systems are important for protecting security-sensitive applications such as
financial services, smart assistants, biometric authentication, and access control systems.
However, the increasing use of text-to-speech (TTS) and voice conversion (VC)
technologies has made it easier to generate spoofed speech that closely resembles genuine
human speech. Therefore, developing reliable methods for distinguishing genuine and
spoofed speech remains an important challenge. A hybrid voice spoofing detection
framework is proposed in this work by fusing Wav2Vec2 representations with Linear
Frequency Cepstral Coefficient (LFCC) features. Wav2Vec2 extracts contextual
representations directly from raw speech, while LFCC features capture fine-grained
spectral characteristics associated with artifacts introduced by speech synthesis and voice
conversion. The LFCC features are encoded using a lightweight Convolutional Neural
Network (CNN), and the resulting 256-dimensional representation is fused with the 768-
dimensional Wav2Vec2 embedding to form a 1024-dimensional feature representation.
The fused representation is subsequently processed by a fully connected classification
network to distinguish bona fide and spoofed speech. The proposed framework is
evaluated on the ASVspoof2019 Logical Access (LA) dataset using standard anti-spoofing
evaluation metrics. Experimental results show that the proposed hybrid model achieves
an accuracy of 98.95% and an Equal Error Rate (EER) of 1.02%. An ablation study
comparing the individual Wav2Vec2 and LFCC-CNN branches with the proposed hybrid
model shows the benefit of combining contextual and spectral representations for voice
spoofing detection.

1. INTRODUCTION

Automatic speaker verification (ASV) systems are now
widely used in applications requiring reliable biometric
authentication, such as voice-activated devices and
financial services. However, these systems remain
vulnerable to spoofing attacks generated through text-
to-speech (TTS) synthesis, voice conversion (VC), and
replay methods. These attacks generate synthetic or
manipulated speech that resembles human speech,
thereby threatening the reliability and security of ASV
systems. A survey of spoofing attack types has
emphasized the importance of robust countermeasures
[1], and the effectiveness of cepstral-based features
such as CQCC for spoof detection was demonstrated in
early countermeasure work [2]. The ASVspoof2019 LA
dataset with speech generated by different TTS and VC
algorithms has become a standard benchmark for the
evaluation of anti-spoofing systems [3]. More recent

benchmarks have introduced more challenging and
realistic conditions: ASVspoof2021 brought in
compressed and codec-affected speech to test
robustness outside the lab, but ASVspoof5 has since
significantly increased the attack pool with
adversarially generated samples, with systems tuned to
ASVspoof2019 LA showing sharp degradation on this
newer, larger corpus [4].

Recent studies have explored alternative architectures
and feature representations to improve detection
performance and generalization. Transfer learning with
a variational information bottleneck has been used to
retain discriminative features while suppressing
irrelevant ones [5], and Graph Attention Networks
(GATs) have been applied to model temporal
dependencies across audio frames [6]. The presence of
high-frequency cues that differentiate between bona
fide and spoofed speech has been demonstrated to be
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informative even after transmission and codec effects
and inspires raw-waveform front ends that are designed
to conserve this information [7]. This diversity of
architectural approaches reflects a broader shift toward
hybrid frameworks that jointly exploit spectral and
temporal information. Systems relying on a single
feature type, whether a learned embedding or a
handcrafted spectral descriptor, may capture only a
limited range of spoofing artifacts, particularly as
generative attacks continue to improve in perceptual
quality.

Despite this progress, a systematic study of spectral SSL
fusion strategies (concatenation, cross-attention, and
gating, applied to MFCC, LFCC, and CQCC combined
with Wav2Vec2 XLSR-53) has noted that key questions
remain open regarding which feature combinations are
most effective for deepfake speech detection, the
optimal mechanisms for integrating handcrafted and
SSL-based representations, and the relative contribution
of each feature stream in a trained model [8]. However,
few studies systematically evaluate the individual
contribution of a spectral branch and a self-supervised
branch before assessing their fused representation. As a
result, it remains unclear whether the fusion provides a
measurable improvement over the individual
representations or whether the performance is mainly
determined by the stronger branch.

To address the identified research gap, we propose a
hybrid voice spoofing detection framework that
combines Wav2Vec2 and LFCC-CNN representations.
Wav2Vec2 provides contextual representations directly
from raw speech [9], while LFCC features capture
complementary spectral characteristics associated with
artifacts introduced by speech synthesis and voice
conversion [10]. The lightweight CNN encoder
processes the LFCC features, and the resulting 256-
dimensional representation is concatenated with the
768-dimensional Wav2Vec2 embedding to form a
1024-dimensional feature representation. The novelty
of this work lies not only in combining these two feature
representations but also in explicitly comparing the
individual branches with the fused model under the
same experimental conditions. This allows us to
examine whether combining contextual and spectral
information provides a measurable improvement in
spoofing detection performance.

The main novelty of the proposed framework lies in the
complementary use of self-supervised Wav2Vec2
representations and handcrafted LFCC features for
voice spoofing detection. Wav2Vec2 captures
contextual characteristics from the raw speech
waveform, whereas LFCC-CNN extracts spectral
characteristics that can help identify artifacts associated
with speech synthesis and voice conversion. The two
representations are fused through feature concatenation,
combining the 768-dimensional Wav2Vec2 embedding
with the 256-dimensional LFCC-CNN representation to
form a 1024-dimensional feature vector. The

contribution is further supported through an ablation
study in which Wav2Vec2, LFCC-CNN, and the
proposed hybrid model are evaluated under the same
experimental conditions. The hybrid model achieves an
accuracy of 98.95% and an EER of 1.02%, compared
with 97.80% accuracy and 1.80% EER for Wav2Vec2
and 96.90% accuracy and 2.10% EER for LFCC-CNN.
These results demonstrate that the fusion provides
additional complementary information beyond the
individual branches. The proposed framework is further
evaluated using accuracy, precision, recall, Fl-score,
EER, and ROC analysis to provide a comprehensive
assessment of spoofing detection performance.

2. LITERATURE REVIEW

The literature review that has been done by the author
in this section to explain the difference of the
manuscript with other papers is that it is:

Critically analyze prior work

Identify limitations in previous studies

Clearly demonstrate novelty

Avoid listing papers without analysis.

2.1 Benchmark Datasets and Challenges

The ASVspoof2019 database is the first large-scale
benchmark of logical-access (TTS/VC) and physical-
access (replay) attacks [11], and ASVspoof2021
extended the benchmark to more realistic channel and
compression conditions with an explicit deepfake task
[12]. Nevertheless, retrospective comparison of the
ASVspoof2021 findings indicated that the compression
resistance of the deepfake task did not reflect in the
stable generalization when using other source datasets
[13]. This is one shortcoming that continues to plague
much of the literature below in review: assessment is
nearly completely limited to ASVspoof2019 LA, which
has now become relatively mature. The usage of one
well-investigated dataset complicates the ability to
determine whether a certain robustness is genuine or a
benchmark-specific overfitting, and this work does just
that.

2.2 Hybrid Handcrafted-and-Deep Feature Fusion

A strategy that has been reused in the previous literature
is to combine spectral descriptors that are handcrafted
with deep sequence models: MFCC, CQCC, and
spectrogram features integrated into a CNN-LSTM
classifier, achieving 98.48% accuracy and a 2.2% EER
[14]; GTCC and MFCC fused with a Bi-LSTM,
achieving 97% accuracy and a 2.95% EER [15]; anovel
local ternary pattern descriptor (ELTP) fused with
LFCC and trained with bidirectional LSTM [16]; and
VGGish/YAMNet embeddings with LSTM and 1D-
CNN heads, achieving 99.11% accuracy and a 1.18%
EER [17]. These studies consistently report strong
headline accuracy but share a common limitation: none
report an ablation isolating the handcrafted branch from
the deep branch. Without this, it is not possible to
determine whether the reported fusion gain is genuine
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or whether one branch simply dominates while the other
contributes marginally. This is precisely the gap the
present work is designed to close by evaluating the
Wav2Vec2 and LFCC-CNN branches individually
before reporting the fused result.
2.3 Self-Supervised and Wav2Vec2-Based Approaches
Several works apply self-supervised or contrastive
pretraining to reduce dependence on labelled data: a
one-class model with knowledge distillation [18]; a self-
supervised Arabic deepfake detector [19]; contrastive
pretraining adapted from MoCo, SimCLR, and COLA
[20]; a Wav2Vec2-based system for the ADD2022
challenge [21]; and a dual-column Mamba architecture
paired with Wav2Vec2 [22]. Of these, only the Mamba-
based approach evaluates across multiple corpora
(ASVspoof2021 LA, DF, and In-the-Wild), making it
the only study in this group that speaks to generalization
beyond ASVspoof2019 LA. The remaining studies
report single-benchmark results, which limits what can
be concluded about their robustness to unseen attack
types.
A further limitation concerns how Wav2Vec?2 itself is
used. Fine-tuning Wav2Vec2, rather than keeping it
frozen, has been shown to improve database-
independent generalization by 1.46—8.65% in a related
speech-classification task [23]. Separately,
Wav2Vec2.0 has been shown to generalize well across
low-resource languages when paired with coarse-
grained modelling units [24]. Despite this evidence, the
anti-spoofing literature reviewed here predominantly
freezes the Wav2Vec2 front end without directly testing
whether fine-tuning would help. This is a specific,
addressable limitation rather than a settled design
choice, and the present work treats the frozen-front-end
decision as one requiring justification rather than
assumption.
2.4 Discriminative  Feature
Lightweight Architectures
The strongest reported results in this survey come from
this group: a ResNet-Max-Feature-Map architecture
with depthwise separable convolutions reaching 0.30%
EER while cutting parameter count by 84.3% [25]; a
multi-pattern one-class ResNet ensemble improving
pooled EER by 2.14% [26]; a temporal-consistency-of-
speaker-features method reporting EERs from 0.84 to
24.66% depending on corpus difficulty [27]; a partial-
spoof localization method reaching 0.77% EER on
Partial Spoof and 0.90% on ASVspoof2019 LA [28];
and a meta-learning, disentangled-training approach
with adversarial augmentation reaching a pooled EER
of 0.87% and a minimum t-DCF of 0.0277 [29]. This
comparison matters directly for the present work: these
results outperform the 1.02% EER reported in the
original submission, and several achieve this with
architectures lighter than a Wav2Vec2-based fusion
model. Any claim of competitive performance must
therefore be benchmarked against this group

Engineering  and

specifically, using matched metrics (EER and minimum
t-DCF), rather than against weaker baselines.

2.5 Surveys

A broader review of audio deepfake detection compares
statistical, media-consistency, and machine/deep-
learning-based detectors, reporting accuracies from
73.33-99% and EERs from 2-12.24%, with Siamese
CNN architectures showing the strongest results among
those surveyed [30]. While this finding confirms the
field's architectural diversity, the review does not
analyse fusion strategies pairing self-supervised and
handcrafted features specifically, leaving that
comparison to the primary studies discussed above.

2.6 Synthesis and Positioning of the Present Work
Three limitations recur across the reviewed literature.
First, hybrid fusion studies report combined results
without isolating each branch's individual contribution,
making the true source of any performance gain
unverifiable. Second, evaluation beyond
ASVspoof2019 LA is attempted in only a small
minority of studies, despite evidence that more recent,
harder corpora expose weaknesses that ASVspoof2019
LA alone cannot reveal. Third, freezing Wav2Vec2
rather than fine-tuning it is common practice but is
rarely justified against direct evidence that fine-tuning
improves generalization in related tasks. At the same
time, the strongest lightweight and single-
representation methods already achieve sub-1% EER on
ASVspoof2019 LA, setting a demanding bar that any
new fusion-based method must clear and explain rather
than merely approach.

The present work addresses the first of these gaps
directly by evaluating a Wav2Vec2-LFCC fusion
against each individual branch under matched
conditions, a comparison largely absent from the
hybrid-fusion literature discussed above. It benchmarks
its results against the strongest reported baselines
identified above, rather than against weaker prior
comparisons, and reports EER alongside minimum t-
DCEF for direct comparability. The decision to freeze or
fine-tune the Wav2Vec2 front end is treated as an
explicit, justified design choice rather than an
unexamined default in response to the contrary evidence
discussed above.

3. METHODOLOGY

The proposed voice spoofing detection framework
combines self-supervised speech representations from
Wav2Vec2 with handcrafted Linear Frequency Cepstral
Coefficient (LFCC) features. The framework consists of
dataset preparation, audio preprocessing, feature
extraction, feature fusion, and classification.
Wav2Vec?2 learns contextual information directly from
a raw speech waveform, whereas LFCC features learn
spectral characteristics that could be useful for detecting
artifacts introduced by speech synthesis and voice
conversion. The resulting feature representation is then
passed to a fully connected classifier to distinguish
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between bona fide and spoofed speech. Figure 1 shows
the overall architecture of the proposed Wav2Vec2—
LFCC-CNN framework.

| Data Collection |

y
| Data Preprocessing

¥
| LFCC Extraction |

| Wav2Vec2 Embeddings
Y

[ cnn (Lecc Features) |

I Feature Fusion

| Fully Connected Classifier |

Y
| Prediction (Genuine or Spoof) |

Figure 1. Overall architecture of the proposed hybrid
Wav2Vec2-LFCC-CNN framework for voice anti-spoofing

3.1 Dataset Description
The proposed model was trained and evaluated on the
ASVspoof2019 Logical Access (LA) dataset, a widely
used benchmark for voice anti-spoofing research. The
dataset contains bona fide and spoofed speech generated
using a variety of text-to-speech (TTS) and voice
conversion (VC) systems.
The dataset is divided into training, development, and
assessment sections. The model is trained and tested on
the training and development subsets, respectively; the
evaluation subset helps to assess the performance on
new speakers and spoofing attacks. Stored in the FLAC
format with a sampling rate of 16 kHz, the audio files
enable constant preprocessing and comparison with
current anti-spoofing methods.
3.2 Data Preprocessing
All speech recordings were converted to mono and
down sampled to 16 kHz when needed to be compatible
with the pre-trained Wav2Vec2 model. Each recording
was then standardized to 4 seconds, corresponding to
64,000 samples, by zero-padding shorter recordings and
truncating longer recordings. Let the input speech
waveform be represented as
x = {x1,X2, ..., XN} (D)
where x is the total number of audio samples.
Each recording was standardized to a fixed duration of
4 seconds (64,000 samples) by zero-padding or
truncation:
_([x0]

xp B { X1:L
where L = 64,000.
During training, Gaussian noise augmentation was
applied with a probability of 0.5 to improve model
robustness:

Xqug = Xp +€,€ ~ N(0,0%) 3)

where ¢ = 0.005.

N<L,
N>, )

The extracted LFCC features were normalized using z-
score normalization:

f _ f —u (4)

" 0+6

where f represents the LFCC feature vector, y and o
denote its mean and standard deviation, respectively,
and § = 1078 is a small constant added to avoid
division by zero.
3.3 Wav2Vec2 Feature Extraction
The proposed framework employs the pretrained
wav2vec 2.0: A Framework for Self-Supervised
Learning of Speech Representations Base model as the
primary feature extractor to obtain high-level contextual
representations directly from raw speech waveforms.
Unlike handcrafted acoustic descriptors, Wav2Vec2
learns discriminative speech representations through
self-supervised learning on large-scale unlabelled
speech corpora, enabling the extraction of phonetic,
temporal, and contextual information that is highly
effective for speech-related tasks. The input to the
Wav2Vec2 encoder is the pre-processed waveform.

Xp = {X1, X2, ., X1} %)
where L = 64,000 samples correspond to a 4-second
speech segment sampled at 16 kHz.

The pretrained encoder transforms the waveform into a
sequence of contextual feature vectors

H = {hq, h,, ..., h7}, (6)
Where h, € R7%8, and T represents the number of latent
speech frames produced by the transformer encoder.
To obtain a fixed-dimensional representation suitable
for classification, global mean pooling is applied across

the temporal dimension:
T

A =%Z he 7

t=1
Where H € R768,
This operation summarizes the contextual speech
information into a compact embedding while preserving
the global characteristics of the input utterance. Instead
of freezing the entire pretrained backbone, a partial fine-
tuning strategy was adopted. The first eight transformer
encoder layers were frozen, while the remaining higher
layers were updated during training.
This approach preserves the general speech features
learned during pretraining while allowing the higher
layers to adapt to the voice anti-spoofing task. Partial
fine-tuning also reduces the computational cost and can
help limit overfitting compared with updating the entire
backbone.
The resulting 768-dimensional embedding represents
the contextual information extracted from the input
speech and serves as one branch of the proposed hybrid
feature representation. The contextual embedding
extraction can be summarized as
H = Pool(Wav2Vec2(x,)) (8)

where

e X, denotes the pre-processed waveform,
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e Wav2Vec2() represents the
transformer encoder,
e Pool(.) denotes global mean pooling,
e H is the final 768-dimensional embedding.
The Figure 2 illustrates the Extraction of contextual
speech representations using the pretrained Wav2Vec2
Base model.

pretrained

Input Speech
(16 kHz, 4 seconds)

|

Audio Preprocessing
(Mono + Padding + Normalization)

|

| Pretrained Wav2Vec2 Base Encoder |

!
| 7
Layers 1-8 Layers 9-12
(Frozen) (Fine-tuned)
! !
|

Contextual Hidden Representations
H1 H2 H3 ... HT

!

| Global Mean Pooling |

!

| 768-dimensional Feature Vector |

Figure 2. Extraction of contextual speech representations
using the pretrained Wav2Vec2 Base model with partial
fine-tuning and global mean pooling.

3.4 LFCC Feature Extraction

LFCC features are used to capture spectral
characteristics that can help identify artifacts associated
with speech synthesis and voice conversion. Although
self-supervised models can capture high-level
contextual information, some fine-grained spectral
characteristics may not be fully represented in the
learned embeddings. Therefore, LFCC features are
incorporated as complementary handcrafted features to
provide additional spectral information for spoof
detection. The extracted LFCC feature map is
subsequently processed by a lightweight CNN to learn
discriminative spectral representations.

After preprocessing the speech waveform, it is
transformed to the frequency domain with the Short-
Time Fourier Transform (STFT). Then, a bank of
linearly spaced filters is applied to obtain the filter-bank
energies. LFCC uses a linear frequency scale instead of
Mel-frequency cepstral coefficients (MFCCs), which
allows better representation of the high-frequency
components useful for the detection of spoofing
artifacts.

Let X (k) denote the magnitude spectrum of the speech
signal. The LFCC filter-bank energy is computed as

K
By = Y 1X() 2 Hyn(K) ©)
k=1

where
e H,, (k) vdenotes the m*™linear filter,
e K is the total number of frequency bins.
The logarithmic filter-bank energies are then
transformed into cepstral coefficients using the Discrete
Cosine Transform (DCT):
M

LFCC, =

m=1

-05
n(m )] (10)

log(Em)cos[ I

where

e M is the number of linear filters,

e ndenotes the cepstral coefficient index.
In the proposed implementation, 40 linear filters and 60
LFCC coefficients are extracted from each speech
utterance, consistent with the preprocessing
configuration used during model training. The extracted
feature matrix is subsequently normalized using z-score
normalization before being supplied to the CNN
encoder.

Compared with contextual embeddings, LFCC features
preserve spectral information that can be useful for
identifying artifacts associated with text-to-speech and
voice conversion algorithms. Consequently, combining
LFCC with Wav2Vec2 provides a way to exploit
complementary acoustic representations within a
unified spoof detection framework.

The LFCC extraction process can be summarized as

Fipee = LFCC(xp) (11)
where
e xprepresents the preprocessed  speech
waveform,

o Fipcc € R®9T denotes the normalized LFCC
feature matrix.
The Figure 3 illustrates the Extraction of Linear
Frequency Cepstral Coefficient (LFCC) features.

| Pre-processed Aundio |

Short-Time Fourier
Transform

!

Linear Filter Bank (40
Filters)

!

Log Filter-bank Energies |

Discrete Cosine
Transform

60 LFCC Coefficients

'

Z-score

Normalization

!

LFCC Feature
Matrix

Figure 3. Extraction of Linear Frequency Cepstral
Coefficient (LFCC) features from the pre-processed speech
waveform.
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3.5 CNN-Based LFCC Feature Encoding

The normalized LFCC feature matrix is processed using
a lightweight one-dimensional Convolutional Neural
Network (CNN) to learn discriminative spectral
representations for spoof detection. CNNs are effective
in encoding cepstral features by capturing local
temporal and spectral correlations with low
computational complexity.

The CNN architecture consists of two convolutional
blocks followed by an adaptive average pooling layer.
The first convolution layer uses 128 filters with a kernel
size of 5, then a Rectified Linear Unit (ReLU)
activation, and finally max pooling. To improve the
feature representation, the second convolutional layer
utilizes 256 filters with a kernel size of 3. Finally,
adaptive average pooling combines the feature maps
into a feature vector of fixed length regardless of the
temporal dimension. The adaptive average pooling
layer produces a 256-dimensional representation.

The convolution operation is expressed as

K
Vi =ZWJxl+]+b (12)
j=1
where
e wjdenotes the convolution kernel,
e K represents the kernel size,
e b is the bias parameter.
The nonlinear activation function is given by
ReLU(x) = max(0, x) (13)

Following the convolutional layers, adaptive average
pooling produces the final LFCC representation
Fenn = AAP (Feony) (14)

where

e AAP(-) denotes Adaptive Average Pooling,

o Foyy € R?6,
The resulting 256-dimensional feature vector represents
compact spectral information extracted from the
handcrafted LFCC features. This representation is
subsequently fused with the contextual embedding
obtained from the Wav2Vec2 branch. The Figure 4
illustrates the CNN-based encoder used to learn
discriminative representations.

3.6 Feature Fusion

The proposed framework combines the spectral
representations learned by the LFCC-CNN encoder and
the contextual representations extracted by the
Wav2Vec2 branch. The two kinds of features capture
complementary properties of speech. Wav2Vec2
captures high-level contextual information directly
from the raw waveform, whereas the LFCC-CNN
branch focuses on fine-grained spectral characteristics
associated with text-to-speech and voice conversion.
Their combination allows the model to use both
contextual information and local spectral cues during
classification.

The Wav2Vec2 branch produces a 768-dimensional
embedding,

Fyroy € R7°8, (15)
while the CNN encoder generates a 256-dimensional
LFCC feature vector,

Fircc € R?%C. (16)
The two feature vectors are concatenated along the
feature dimension to construct a unified representation:

Frusion = [Fwav; Frrccl (17)

where

Ffusion € R1%%,
Feature concatenation preserves all discriminative
information extracted by both branches without
introducing additional trainable parameters. Compared
with more complex attention-based or weighted fusion
strategies, direct concatenation maintains
computational efficiency while effectively combining
contextual and spectral information.

LFCC Feature Matrix
(60 xT)
.

ConvlD (128,
Kernel=5)
i
ReLU
:
Max Pooling
¥
ConvlD (256,
Kernel=3)
']
ReLU

v
Adaptive Average
Pooling Adaptive

Average Pooling
|
256-dimensional
Vector

Figure 4. CNN-based encoder used to learn discriminative
representations from normalized LFCC features.

The fused representation is then provided to the
classification network to distinguish between bona fide
and spoofed speech. The complete feature extraction
stage can be expressed as
Ffusian
= Concat(Pool(wave2vec2(x)),CNN(LFCC(x)))
where
e Pool(-) denotes global mean pooling,
e CNN(-) represents the LFCC encoder,
e (Concat(-) indicates feature concatenation.

(18)

The Figure 5 illustrates the Fusion of contextual speech
embeddings extracted by Wav2Vec2 with spectral
representations learned by the LFCC-CNN encoder.
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‘Wav2Vec2 Branch
768-dimensional

!

Concatenate

|

LFCC-CNN Branch
256-dimensional

|

1024-dimensional
Feature
Representation

Figure 5. Fusion of contextual speech embeddings extracted
by Wav2Vec2 with spectral representations learned by the
LFCC-CNN encoder.

The motivation for combining Wav2Vec2 and LFCC-
CNN is that the two branches represent different
characteristics of the speech signal. Wav2Vec2
provides contextual representations learned from the
raw waveform, whereas LFCC-CNN focuses on
spectral characteristics that may contain artifacts
introduced during speech synthesis and voice
conversion. Using only Wav2Vec2 may not fully
emphasize these fine-grained spectral characteristics,
while using only LFCC-CNN may not capture the
broader contextual information learned from the
waveform. The proposed fusion brings these
complementary representations together in a single
feature vector, allowing the classifier to use both types
of information when distinguishing bona fide and
spoofed speech. The benefit of this combination is
evaluated through an ablation study by comparing the
individual Wav2Vec2 and LFCC-CNN branches with
the proposed hybrid model under the same experimental
conditions.

3.7 Classification Network
The fused feature vector is processed using a fully
connected neural network to classify each utterance as
either bona fide or spoofed. The classifier consists of
two fully connected layers with Layer Normalization, a
ReLU activation function and Dropout regularization in
between them. This architecture benefits feature
discrimination and reduce overfitting in training.
The first linear transformation is given by
Z1 = ReLU(LN(WlFfusion + b)) (19)
where
e W, and b, denote the learnable parameters,
e LN(-) represents Layer Normalization,
e ReLU introduces non-linearity.
Dropout regularization is then applied to reduce co-
adaptation among neurons:
Z, = Dropout(z,) (20)
The final class probabilities are obtained using the
Softmax function:

y = Softmax(W,z,+b,) 20

Where § = [Pbonafidel Pspoof]-
The model is trained using the cross-entropy loss
function:
c
L== ylog®) (22)
i=1
where
e ( = 2 represents the number of classes,
e y; denotes the ground-truth label,
e 7, is the predicted probability.
The classifier outputs the final prediction by assigning
the input utterance to the class with the highest posterior
probability. The Figure 6 illustrates the Architecture of
the fully connected classifier for bona fide and spoofed
speech classification.

| 1024-D Fusion Vector |

!

Fully Connected
(1024—512)
!
| Layer Normalization |

| ReLU |
!

|  Dropout03) |
]

Fully Connected
(512—2)

}

| Softmax |

| Genuine / Spoof |

Figure 6. Architecture of the fully connected classifier for
bona fide and spoofed speech classification.

3.8 Training Configuration

The proposed hybrid framework was implemented
using the PyTorch deep learning framework and trained
on the ASVspoof2019 Logical Access (LA) dataset.
The Wav2Vec2 branch employed the pretrained
Facebook/Wav2Vec2-Base model available through the
Hugging Face Transformers library. During training,
the lower eight transformer encoder layers were frozen,
while the remaining encoder layers were fine-tuned to
adapt the pretrained model to the spoof detection task.
This strategy allows higher-level layers to learn
discriminative features specific to the task while
preserving general speech representations. The LFCC-
CNN branch and classification network are jointly
trained using the AdamW optimizer [31]. Cross-entropy
loss is used as the optimization objective for binary
classification.

The optimization process is expressed as

Orr1 =0 —nVL(6) (23)
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where

e 6 denotes the model parameters,

e 1 is the learning rate,

e L(6) represents the cross-entropy loss.
The hyperparameters used during training are
summarized in Table 1.

Table 1. Training Hyperparameters

experimental design enables a fair assessment of the
contribution of each feature branch through ablation
analysis.

Accuracy (ACC), Precision, Recall, F1-score, Equal
Error Rate (EER), Receiver Operating Characteristic
(ROC) curve and Area Under the Curve (AUC) were
used to measure performance. The test procedure is
according to the recommendations of the standard
ASVspoof benchmark [32].

Parameter Value The complete processing pipeline is summarized in
Wav2Vec2 Backbone facebook/wav2vec2- Algorithm. 1, which presents the sequence of
base preprocessing, feature extraction, feature fusion, and
Sample Rate 16 kHz classification steps used during training and inference.
Audio Duration 4s
Maximum Samples 64,000 Algorithm1: Proposed Method
Number of LFCC 40 Step 1: Load speech waveform
Filters Step 2: Resample audio to 16 kHz
Number of LFCC 60 Step 3: Convert stereo to mono
Coefficients Step 4: Pad or truncate waveform to 4 seconds
Frozen Transformer 0-7 Step 5: Extract Wav2Vec2 contextual embedding
Layers Step 6: Apply mean pooling to obtain 768-
Fine-tuned Fayers 8-11 dimensional feature vector
Batch Size 16 Step 7: Compute LFCC features
Ep.oc.hs >0 Step 8: Normalize LFCC features
Optl.mlzer Adam\j\sf Step 9: Encode LFCC features using CNN
Lea.rmng Rate 3% 10_ Step 10: Obtain 256-dimensional LFCC vector
Weight Decay 1 x10™*
Step 11: Concatenate both feature vectors
Dropout 0.3 Step 12: Feed fused vector into classifier
Random Seed 42 )

To improve robustness, additive Gaussian noise
augmentation was applied to the training data with a
probability of 0.5 and a standard deviation of 0.005.
Validation data were evaluated without augmentation.

3.9 Experimental Setup
The experiments were conducted using the official
ASVspoof2019 LA protocol. The dataset was divided
into training, development, and evaluation subsets
provided by the benchmark. The same preprocessing
pipeline, feature extraction procedure, optimization
settings, and evaluation protocol were applied across all
experiments to ensure a fair comparison.
The proposed includes three model
configurations:
e  Wav2Vec2 Only, using contextual embeddings
extracted from pretrained Wav2Vec2.
e LFCC-CNN Only, using handcrafted LFCC
features encoded through the CNN.
e Proposed Fusion Model, combining both

feature representations.

study

All three models were trained using the same
preprocessing, hyperparameters, and evaluation
protocol, with the feature representation being the only
major difference between the configurations. This

Step 13: Apply Softmax
Step 14: Predict Bonafide or Spoof

4. RESULTS AND DISCUSSION

This section presents the experimental results for the
proposed Wav2Vec2-LFCC-CNN framework on the
ASVspoof2019 Logical Access (LA) dataset. The
performance of the proposed framework is evaluated
with the standard anti-spoofing metrics like Accuracy
(ACC), Equal Error Rate (EER), Precision, Recall, F1-
score, Receiver Operating Characteristic (ROC) curve,
and Area Under the Curve (AUC). We also conduct an
ablation study, statistical validation, and comparison
with existing methods to examine the effectiveness,
stability, and overall performance of the proposed
framework.

The experimental results indicate that Wav2Vec2 and
LFCC-CNN provide useful complementary information
for voice spoofing detection. Wav2Vec2 learns
contextual features from the raw speech waveform,
while LFCC-CNN learns spectral features that can help
identify artifacts introduced during speech synthesis
and voice conversion. This is also evidenced by the
ablation results that the hybrid model performs better in
accuracy and EER than the two branches. The accuracy
increased from 97.80% for Wav2Vec2 and 96.90% for
LFCC-CNN to 98.95% for the hybrid model, and the
EER decreased from 1.80% and 2.10% to 1.02%,
respectively. This improvement suggests that the
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spectral information provided by LFCC-CNN provides
us with useful clues about the contextual representation
from Wav2Vec2.

4.1 Confusion Matrix

The confusion matrix provides a detailed analysis of the
classification performance by illustrating the number of
correctly and incorrectly classified genuine and spoofed
utterances. It enables the identification of false
acceptance and false rejection errors that directly
influence the reliability of an anti-spoofing system.
For the ASVspoof2019 LA evaluation set, the proposed
hybrid model correctly classified 7,281 bona fide
utterances and 63,208 spoofed utterances, while 74
bona fide utterances were incorrectly classified as
spoofed and 674 spoofed utterances were incorrectly
classified as bona fide. The results presented show that
the proposed framework is able to distinguish between
bona fide and spoofed speech with a relatively low
number of classification errors.

The overall classification accuracy obtained from the
confusion matrix is

4 B TP+ TN (24)
A = TP Y TN+ FP + FN
where
e TP =True Positive
e TN =True Negative
e [P = False Positive
e FN=False Negative
Substituting the obtained values,
Accuracy = 63208 + 7281 =98.95% (25)

63208 + 7281 + 74 + 674

Figure 7 shows the confusion matrix achieved by the
proposed hybrid model. The results show that the
combination of Wav2Vec2 embeddings and LFCC-
CNN  features yields balanced classification
performance for bona fide and spoofed speech with very
few classification errors.

Confusion Matrix
70,000

60,000
Bonafide 50.000

40,000

I 30,000

Actual

Spoof I 20,000

- 10,000

Bonafide
Predicted

Spoof

Figure 7. Confusion matrix

4.2 Performance Evaluation Metrics
The performance of the proposed framework was
evaluated using standard classification metrics, namely
accuracy, precision, recall, F1-score, and equal error
rate (EER). These metrics allow a comprehensive
evaluation of correct classification, the detection ability,
and robustness against spoofing attacks.
Accuracy is computed as
TP+TN

Accuracy = (26)
Y =TP+TN+FP+FN

Precision measures the proportion of utterances
predicted as spoofed that are actually spoofed.

TP
TP + FP 27
Recall measures the ability of the model to correctly
detect spoofed utterances.

TP
TP + FN (28)
The Fl-score is the harmonic mean of Precision and
Recall.

Precision =

Recall =

Precision X Recall (29)

F1=2x

Precision + Recall
The results of the proposed model are robust and

balanced in differentiating bonafide and spoofed speech
as shown in Figure 8.

Performance Evaluation Metrics of the
Proposed Hybrid Model

Fl-score NN 98.91%
I 98.94%
NN 98.88%

I— 98.95%

98.80% 98.85% 98.90% 98.95% 99.00%

Recall
Precision

Accuracy

Values (%)

Figure 8. Performance Evaluation Metrics of the Proposed
Hybrid Model

The results show good classification results where the
precision and recall show the effectiveness of the model
to detect spoofed utterances.

4.3 Equal Error Rate (EER)

Equal Error Rate (EER) is one of the most important
evaluation metrics for speaker verification and anti-
spoofing systems. It represents the operating point at
which the False Acceptance Rate (FAR) becomes equal
to the False Rejection Rate (FRR). Lower EER values
indicate better spoof detection capability.

FAR(t) = FRR(t)
Where ¢ denotes the decision threshold.

(30)
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The intersection of the False Acceptance Rate (FAR)
and False Rejection Rate (FRR) curves that are used in
determining the Equal Error Rate (EER) is shown in
Figure 9. The proposed hybrid framework achieves an
EER of 1.02%, indicating a low error rate in
distinguishing between bona fide and spoofed speech.
This result further supports the benefit of combining
contextual representations from Wav2Vec2 with

handcrafted spectral representations from LFCC.
1

)
°

0.6 A

0.4

FRR (False Rejection Rate

0.2 -\

0 T T T T
0 0.2 0.4 0.6 0.8 1

FAR (False Acceptance Rate)

Figure 9. Equal Error Rate (EER) obtained from the FAR—
FRR intersection point.

—— DET Curve
EER Point

4.4 ROC Curve and AUC

Receiver Operating Characteristic (ROC) analysis
provides a threshold-independent evaluation of
classifier performance and is widely adopted in
biometric authentication and anti-spoofing research
[33].

The True Positive Rate and False Positive Rate are
calculated as

TPR = i

" TP+ FN (31)
FPR = ki

" FP+TN (32)

The Figure 10 shows the ROC curve of the proposed
framework. The curve remains close to the upper-left
corner, indicating strong discrimination between bona
fide and spoofed speech. The corresponding AUC value
further supports the classification capability of the
proposed model.

4.5 Ablation Study

Ablation studies are commonly performed to quantify
the contribution of each individual module within a
deep learning framework. Accordingly, three model
variants were evaluated under identical experimental
conditions to assess the effectiveness of the proposed
feature fusion strategy [34].

Figure 11 shows a performance comparison of LFCC-
CNN, Wav2Vec2, and the proposed hybrid models for
accuracy, precision, recall, F1-score, and equal error
rate (EER). The proposed hybrid model has achieved
better performance than all the individual models in all

evaluation  metrics, which  demonstrates the
effectiveness of the proposed feature fusion strategy.

ROC Curve with AUC = 0.95
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Figure 10. ROC curve of the proposed hybrid framework.

Performance Comparison of the Evaluated
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Figure 11. Performance Comparison of the Evaluated
Models

The results indicate that the Wav2Vec?2 branch captures
rich contextual speech representations, whereas the
LFCC-CNN branch effectively preserves spectral
artifacts introduced by spoofing attacks. Their
combination consistently improves every evaluation
metric, demonstrating that the proposed feature fusion
strategy  successfully  exploits = complementary
information from the table.

4.6 Comparison with Existing Methods

To demonstrate the effectiveness of the proposed
framework, its performance was compared with several
recently published voice anti-spoofing methods
evaluated on the ASVspoof2019 LA benchmark.
Among the methods included in Table 4, the proposed
hybrid framework achieves the highest classification
accuracy of 98.95% and the lowest EER of 1.02%.
These results demonstrate the effectiveness of
integrating self-supervised contextual embeddings with
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handcrafted LFCC features for robust voice anti-
spoofing.

Comparison of the Proposed Hybrid
Framework with Existing Methods
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Figure 12. Comparison of the Proposed Hybrid Framework
with Existing Voice Anti-Spoofing Methods on the
ASVspoof2019 LA Benchmark

Among the methods included in figure 12, the proposed
hybrid framework achieves the highest reported
accuracy and the lowest EER. These results indicate that
integrating self-supervised contextual embeddings with
handcrafted spectral features can provide effective
voice spoofing detection performance on the
ASVspoof2019 LA benchmark.

4.7 Statistical Validation

Statistical validation through multiple independent runs
has become common practice for demonstrating the
robustness and reproducibility of deep learning models.
As presented in Table 2, the proposed hybrid framework
was evaluated using five different random seeds. The
small standard deviations indicate that the reported
performance is not strongly dependent on a particular
random initialization, supporting the consistency of the
proposed framework.

Table 2. Statistical Validation of the Proposed Hybrid
Framework Across Multiple Random Seeds

Seed Accuracy (%) EER (%)
40 98.82 1.18
41 98.89 1.09
42 98.95 1.02
43 98.91 1.06
44 98.87 1.12

The average performance across five independent runs
was

e Mean Accuracy = 98.89 £ 0.05%

e Mean EER =1.09 + 0.06%

The small standard deviation demonstrates that the
proposed framework produces consistent and reliable
performance across multiple training runs, indicating
good robustness and reproducibility.

4.8 Discussion

The experimental results demonstrate that combining
self-supervised ~ Wav2Vec2  embeddings  with
handcrafted LFCC features improves spoof detection
performance compared with using either representation
individually. = Wav2Vec2  captures  contextual
characteristics from the raw speech waveform, whereas
LFCC features capture spectral characteristics that can
reflect artifacts introduced during speech synthesis and
voice conversion. The ablation results provide direct
evidence of this complementary behaviour. The hybrid
model achieves 98.95% accuracy and an EER of 1.02%,
compared with 97.80% accuracy and 1.80% EER for
Wav2Vec2 and 96.90% accuracy and 2.10% EER for
LFCC-CNN. The improvement over both individual
branches indicate that the fusion provides additional
information that is useful for distinguishing bona fide
and spoofed speech.

The classification ability of the proposed framework is
further verified by the confusion matrix and ROC
analysis. From the confusion matrix we observe that the
majority of the bona fide and spoofed utterances are
classified correctly, and very few samples are
misclassified. Alternatively, the ROC curve provides a
way to view the model’s discrimination ability across
different decision thresholds. Moreover, results from
five different random seeds are presented, and they
show small variations in accuracy and EER. The mean
accuracy of 98.89% and the mean EER of 1.09%
demonstrate consistent performance for the performed
runs.

The comparison with existing methods also shows that
the proposed framework achieves competitive
performance on the ASVspoof2019 LA benchmark.
However, the evaluation is limited to a single
benchmark dataset, and performance under unseen
attack types or cross-dataset conditions may differ.
Future work can therefore investigate cross-corpus
evaluation using datasets such as ASVspoof2021
LA/DF and In-the-Wild, together with lightweight
model designs for real-time deployment.

5. CONCLUSIONS

The covert attacks of voice spoofing that are created
with the help of hi-tech text-to-speech (TTS) and voice
conversion (VC) technologies pose a serious threat to
the accuracy of the Automatic Speaker Verification
(ASV) system. This paper introduced a hybrid voice
anti-spoofing system that combines a self-supervised
Wav2Vec2 back-end with manually designed Linear
Frequency Cepstral Coefficient (LFCC) features to
utilize complementary contextual and spectral data to
identify spoofing. The Wav2Vec2 line encodes the
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high-level semantic features directly out of raw speech
signals, and the LFCC-CNN line encodes fine-grained
spectral features of synthetic and converted speech. The
merged characteristic representation allows better
differentiation between bona fide utterances and
spoofed utterances and a lightweight classification
structure.

The proposed framework was tested on the
ASVspoof2019 Logical Access (LA) dataset in
accordance with the conventional evaluation procedure
accepted in the field of voice anti-spoofing studies. The
results of the experimental work showed that it was very
well classified with an overall accuracy of 98.95, a
precision of 98.96, a recall of 98.94, an Fl-score of
98.95, and a low equal error rate (EER) of 1.02. The
ablation experiment also supported the claim that the
combination of Wav2Vec2 embeddings and LFCC
features was always better than the branches of feature
extraction, which proved the efficiency of the suggested
feature fusion strategy. The proposed framework is also
very robust, as it was statistically validated through
multiple random seeds, which resulted in consistent and
repeatable performance.

The hybrid architecture proposed provides a feasible
approach to enhancing biometric security in the
applications of financial authentication, intelligent
voice assistants, secure access control, and speaker
verification systems. The framework can combine
contextual speech representations with hand-crafted
acoustic features to increase resistance to more recent
voice spoofing attacks and still be computationally
efficient.

The proposed model was able to perform competitively
on the ASVspoof2019 LA benchmark but was only
tested on one dataset. Future research will revolve
around cross-corpus validation with more challenging
data like ASVspoof2021 LA/DF and In-the-Wild,
exploration of more advanced attention-based feature
fusion methods, optimization to deploy in resource-
constrained devices, and greater resistance to emerging
deepfake speech generation.
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        E  m =   ∑  k = 1  K  ∣ X ( k )  ∣ 2   H  m ( k )  


    H  m ( k )   v


   m th


  K  


      L F C   C  n =   ∑  m = 1  M  l o g ⁡ (   E  m ) c o s ⁡  [   𝜋 n ( m − 0 . 5 )  M ]  


  M  


  n  


        F  L F C C = L F C C (   x  p )  


    x  p  


    F  L F C C ∈  ℝ  60 × T  


        y  i =   ∑  j = 1  K    w  j   x  i + j + b  


    w  j  


  K  


  b  


      R e L U ( x ) = max ⁡ ( 0 , x )  


        F  C N N = A A P (   F  c o n v )  


  A A P ( ⋅ )  


    F  C N N ∈  ℝ 256


        F  W 2 V ∈  ℝ 768 ,  


        F  L F C C ∈  ℝ 256 .  


        F  f u s i o n =  [    F  W 2 V ;    F  L F C C ]  


   F fusion ∈  ℝ 1024 .


    F  f u s i o n = C o n c a t ( P o o l ( w a v e 2 v e c 2 ( x ) ) , C N N ( L F C C ( x ) ) )


  P o o l ( ⋅ )  


  C N N ( ⋅ )  


  C o n c a t ( ⋅ )  


    z 1 = R e L U ( L N (   W 1   F  f u s i o n +   b 1 ) )


    W 1  


    b  1  


  L N ( ⋅ )  


        z 2 = D r o p o u t (   z 1 )  


        y ^ = S o f t m a x  (    W 2   z 2 +    b 2 )  


    y ^ = [   P  b o n a f i d e ,   P  s p o o f ] .


      L = −   ∑  i = 1  C    y  i l o g ⁡ (     y  i ^ )  


  C = 2  


    y  i


      y  i   ^


        𝜃  t + 1 =   𝜃  t − 𝜂  ∇  𝜃 L ( 𝜃 )  


  𝜃  


  𝜂  


  L ( 𝜃 )  


  A c c u r a c y =   T P + T N  T P + T N + F P + F N


  A c c u r a c y =   63208   +   7281  63208 + 7281 + 74 + 674 = 98 . 95 %


  A c c u r a c y =   T P + T N  T P + T N + F P + F N


      P r e c i s i o n =   T P  T P + F P  


      R e c a l l =   T P  T P + F N  


      F 1 = 2 ×   P r e c i s i o n × R e c a l l  P r e c i s i o n + R e c a l l  


      F A R ( t ) = F R R ( t )  


  T P R =   T P  T P + F N


  F P R =   F P  F P + T N

