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Abstract—Recent advancements in speech synthesis have en-
abled the generation of natural-sounding speech signals that
can closely mimic specific speakers, raising serious concerns
about the misuse of voice recordings for impersonation and
fraud. Although researchers have extensively studied spoof speech
detection, they can only implement these approaches once the
spoofed content has been generated. We propose a method based
on F0 component elimination and compare it with conventional
filtering and artificial reverberation for the impact on the quality
of synthesized speech signals generated using the TorToiSe TTS
model, as well as the perceptual quality of the modified speech
signals. Results show that the proposed method is able to reduce
the identifiability of synthesized speech signals with minimal
impact on speech quality, offering a promising direction for voice
personae protection against speech synthesis systems.

I. INTRODUCTION

In recent years, speech synthesis systems have made re-
markable progress in generating highly natural and intelligible
speech signals. These systems can now reproduce the unique
vocal characteristics of a specific speaker using only a few ref-
erence samples [1], [2]. While these capabilities offer benefits
in applications like virtual assistants and automated commu-
nication, they also raise serious security concerns. Malicious
actors can exploit online voice samples, such as those of a
victim’s friend or family member, to synthesize impersonated
speech signals for fraudulent purposes [3].

To mitigate the emerging threats, many existing works
have proposed spoof speech detection (SSD) systems, which
aim to distinguish genuine speech signals from synthetic or
manipulated signals [4]. Although SSD systems have achieved
impressive accuracy, their reactive nature means that they can
only detect spoofed audio after it has been generated, making
them unsuitable as a standalone preventive measure.

Recent research has explored proactive approaches that
attempt to prevent speech synthesis models from accurately
replicating a speaker’s voice in the first place. Drawing inspi-
ration from adversarial examples in computer vision, where
imperceptible perturbations can mislead classifiers [5], studies
have adapted the idea to generative models. For example, poi-
soning face images can prevent misuse in face synthesis tasks
[6]. Similar concepts are applied to speech signals: Huang et
al. [7] proposed injecting adversarial noise to disrupt white-box
voice conversion systems, while Yu et al. [8] introduced model-
generalized perturbations using ensemble learning to protect
against multiple synthesis models. Although such methods can

protect speaker identity, the added noise can remain audible,
which limits their practical adoption.

To address this, we explore a set of signal modification
methods to find a modification that can affect speech syn-
thesizer performance with minimal impact on the quality of
the original speech signals. These include traditional filtering
approaches, artificial reverberation, and a proposed method for
eliminating the fundamental frequency (F0) of speech signals.
We evaluate these techniques by measuring both their impact
on a speech synthesis system and their degradation of voice
personae reproduction, which reveals the trade-off between
protection strength and audio quality.

In the rest of this paper, Section II describes the details of
the targeted signal modification methods. Section III shows
details and settings of the experiment conducted. Section IV
elaborates on the results of the experiment, and Section V
summarizes the study.

II. SIGNAL MODIFICATION METHODS

Multiple modification methods were considered for evalu-
ating the audio quality degradation and effectiveness against
a speech synthesis system. The modification methods are as
follows:

A. High-pass, low-pass, and band-pass filtering
A high-pass filter eliminates the frequency components of

the audio input that are below the given cutoff frequency,
while a low-pass filter eliminates the frequency components
that are above the cutoff frequency. A band-pass filter is the
combination of the high-pass and low-pass filters, allowing
only the signal component within a given range to be kept.
The prominent characteristic of these modification methods is
the utilization of harmonics to allow human listeners to fill in
the missing frequency components.

In this experiment, the cutoff frequencies considered for the
high-pass filter are 500 Hz and 1000 Hz, while those for the
low-pass filter are 1000 Hz and 4000 Hz. As for the band-pass
filter, the band-pass frequencies are 500 to 4000 Hz and 1000
to 4000 Hz. The type of filter used for these modifications is
the IIR Butterworth filter [9]. The formula is shown as follows:

H(z) =
b0 + b1z

−1 + b2z
−2 + · · ·+ bNz−N

1 + a1z−1 + a2z−2 + · · ·+ aNz−N
(1)

where N represents the N th order of the filter, and aN
and bN represent the denominator and numerator coefficients,
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Fig. 1: Process diagram of the proposed F0-elimination method. The pipeline estimates the f0 contour using DIO, removes outliers,
interpolates gaps, and applies a time-varying IIR notch filter that tracks f0. This sequence ensures consistent suppression of the
fundamental component while preserving harmonic structure.

respectively. The coefficients are derived by designing an
analog filter in accordance with the filter type, order, cutoff
frequency, and sampling frequency. Frequency transformation
is also applied in cases of high-pass and band-pass filters. Then
a bilinear transformation is used to convert the filter into the
digital domain and get the coefficients.

B. Artificial reverberation

Reverberation is included as one of the signal modification
methods in this study, based on the assumption that low levels
of environmental reverberation are common in natural listen-
ing conditions. As such, minor reverberation is likely to be
perceptually negligible to human listeners, helping to preserve
speech quality while introducing subtle signal alteration to
speech signals.

In this experiment, artificial reverberation is generated by
filtering the original utterances with a Schroeder room impulse
response (RIR) [10]. The impulse response is constructed
by modulating white Gaussian noise with an exponentially
decaying envelope:

h[n] = eh[n] · c[n] = a · exp (−6.9[n]/TR) c[n],

where h[n] is the RIR, eh[n] is the temporal amplitude enve-
lope of RIR, c[n] is a white Gaussian noise carrier, 6.9 ensures
−60 dB decay over the target reverberation time TR = 0.1 s,
and a is a normalization factor to maintain unit energy. The
resulting impulse response is applied using FIR filtering to
simulate a mild reverberant effect.

C. F0 component elimination filtering

Based on the results of high-pass filtering, we speculate that
the removal of the F0 component of human speech signals can
have an important role in disrupting a speech synthesis system
with less impact on speech quality. As such, we proposed a
method of eliminating F0 from speech signals to fully utilize
the effect of missing fundamental.

The process diagram of the method is shown in Fig. 1.
The pseudocode for the process with variable bandwidth IIR
filter based on [12] is as shown in Algorithm 1. Example
spectrograms of the original and modified audio are as shown
in Fig. 2.

Algorithm 1 F0 Component Elimination Filtering

1: Input: Speech signal x[n], sampling rate fs
2: Estimate F0 contour F0[n] using DIO [11]
3: Remove outliers beyond ±2σ from F0[n] to avoid pitch

doubling
4: Fill missing values in F0[n]:

• Extend first and last valid values to boundaries
• Linearly interpolate internal gaps

5: for each time frame n do
6: Set center frequency: Fc[n]← F0[n]
7: Set bandwidth: BW [n]← 1.4 · Fc[n]
8: Compute normalized values:

ωc[n]←
2πFc[n]

fs
,∆[n] ← 2πBW [n]

fs
, r[n]← 1− ∆[n]

2

9: Construct second-order IIR band-stop filter:

H(z, n) =
1− 2 cos(ωc[n])z

−1 + z−2

1− 2r[n] cos(ωc[n])z−1 + r[n]2z−2

10: Apply H(z, n) to x[n]
11: end for
12: Output: Filtered speech signal x̂[n]

III. EXPERIMENTAL SETUPS

To evaluate the effectiveness in protecting voice personae,
each signal processing technique is applied to original ut-
terances individually. The modified utterances are then used
as references for a speech synthesis system to synthesize
impersonating speech signals. The synthesized speech signals
are then used to evaluate the protection effectiveness of the
corresponding modification method, while the modified speech
signals are used to evaluate the audio quality degradation of
the modification. The process is summarized in Fig. 3.

A. Baseline method (noise addition)

For the purpose of ensuring that the effectiveness of any
particular modification method is not solely dependent on the
distortion intensity, white noise and pink noise addition to the
original speech signals are used as simple comparisons for
each modification method.

During this experiment, the signal-to-noise ratio (SNR) in
comparison to the distortion strength of the previously men-
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Fig. 2: Spectrogram comparison of an original utterance (top) and its F0-eliminated version (bottom). Note that the fundamental
frequency band is suppressed in the modified signal, while higher harmonics remain largely intact. This illustrates the missing-
fundamental effect: listeners perceive pitch continuity even without the explicit F0.
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Fig. 3: Block diagram of the experimental process. Dashed line
indicates that the data is used for evaluations.

tioned modification methods is considered, which are SNRs of
30 dB, 7 dB, 0 dB, and −5 dB.

B. Dataset

In this experiment, the LibriSpeech corpus [13] is chosen
because of its low-noise characteristics, as they are created
for developing automatic speech recognition systems. The low
noise characteristic of the corpus represents the high-quality
speech signals that are becoming common online, which we
aim to protect the voice personae.

A total of 10 speakers are selected from this corpus, which
are five males and five females speakers. 100 utterances were
then selected from each speaker to be applied with modifica-
tion techniques and used as references for the speech synthesis

system. In total, 1000 utterances are used as reference speech
signals in this study.

C. Speech synthesis system

The speech synthesis system used for this study is the
TorToiSe Text-to-Speech (TTS) proposed by Betker [1], which
is based on the improvement in image generation studies.
This TTS model is selected for its leading performance in
the speech synthesis field. In this study, we provide the TTS
model with reference audio samples based on each speaker and
modification method. The model will have 17 voice reference
groups per speaker (8 modifications, 8 baseline white and pink
noises, and 1 original utterances), resulting in a total of 170
voice reference groups for the model to synthesize. For each
reference speaker, the TTS system synthesized speech using
the exact transcript of that speaker’s original utterances. As
such, all of the original utterances will have their own modi-
fied, synthesized, and synthesized-from-modified counterparts.
In total, there are 17 voice reference groups× 10 speakers ×
100 utterances = 17, 000 synthesized speech signals to be used
for evaluation.

D. Evaluation Metrics

1) Speech Quality Evaluation Metrics: To evaluate the
impact of each modification method on speech quality and
intelligibility, we adopt four objective metrics: DNSMOS
[14], Non-Intrusive Speech Quality Assessment (NISQA) [15],
Short-Time Objective Intelligibility (STOI) [16], and Percep-
tual Evaluation of Speech Quality (PESQ) [17].
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TABLE I: Mean Value of Objective Evaluation of Each Signal Modification Method. Modified speech signals are evaluated on
the impact of the corresponding modification method on the speech quality. Synthesized speech signals are evaluated on the
contribution of the corresponding modification method in voice personae protection against the speech synthesis system.

Modification Method Modified speech signals Synthesized speech signals
PESQ↑ DNSMOS↑ NISQA↑ STOI↑ Cos. Sim.↑ ASV-EER↓ NISQA↓ Cos. Sim.↓ ASV-EER↑

Original unmodified utterances 4.549 3.888 3.426 1.000 − − 3.325 0.686 7.69
White noise addition (−5 dB SNR) 1.232 1.588 0.912 0.590 0.671 0.336 2.930 0.078 40.00
White noise addition (0 dB SNR) 1.328 1.778 0.894 0.687 0.780 0.030 2.724 0.111 33.55
White noise addition (7 dB SNR) 1.607 2.205 0.967 0.806 0.850 0.000 2.548 0.190 20.97
White noise addition (30 dB SNR) 3.837 3.451 2.922 0.982 0.919 0.000 2.986 0.633 8.13
Pink noise addition (−5 dB SNR) 1.236 1.641 0.828 0.560 0.665 0.040 2.846 0.121 39.95
Pink noise addition (0 dB SNR) 1.366 1.790 0.847 0.675 0.792 0.000 2.570 0.128 34.75
Pink noise addition (7 dB SNR) 1.721 2.467 1.046 0.815 0.861 0.000 2.296 0.211 22.36
Pink noise addition (30 dB SNR) 3.967 3.596 3.326 0.981 0.927 0.000 3.016 0.643 8.22
High-pass filtering (500 Hz cutoff) 4.108 2.939 2.287 0.877 0.534 0.000 2.683 0.088 24.52
High-pass filtering (1000 Hz cutoff) 3.618 2.480 1.980 0.777 0.415 0.306 2.396 0.052 38.46
Low-pass filtering (1000 Hz cutoff) 3.441 3.431 1.456 0.793 0.492 0.484 2.973 0.136 37.78
Low-pass filtering (4000 Hz cutoff) 4.548 3.884 3.297 0.998 0.755 0.000 2.723 0.342 8.93
Band-pass filtering (500–4000 Hz) 3.871 2.731 2.316 0.810 0.372 0.899 2.024 0.017 40.14
Band-pass filtering (1000–4000 Hz) 3.189 2.338 1.314 0.678 0.072 27.072 2.255 0.000 47.41
Artificial reverberation (0.1 s) 3.030 3.383 2.871 0.849 0.723 0.000 3.282 0.592 8.03
F0 component elimination 3.854 3.458 3.218 0.877 0.677 0.000 2.959 0.271 17.02

↑ indicates the evaluation within the column desires a higher evaluation value, while ↓ desires a lower value.
Bolded and underlined numbers indicate the best and second-best evaluation results within the modification group.
The proposed method is highlighted with a light gray background color.

DNSMOS and NISQA are non-intrusive metrics that es-
timate the Mean Opinion Score (MOS) of speech signals
without requiring a clean reference. In this study, they are
used to evaluate the perceived quality of modified speech
signals, with NISQA also applied to synthesized signals. Both
metrics output a MOS score from 1 (poor) to 5 (excellent).
For modified speech signals, a higher MOS indicates minimal
degradation, while for synthesized speech signals, a lower
score may suggest that the modification disrupts voice quality,
potentially reducing speaker similarity.

STOI assesses the intelligibility of modified speech signals.
As an intrusive metric, it requires a clean reference and
produces scores from 0 (unintelligible) to 1 (fully intelligible).
Higher scores indicate better preservation of speech content.
STOI is not applicable to synthesized speech signals due to
the lack of a reference signal.

PESQ is an intrusive metric originally developed to evaluate
perceptual speech quality in telecommunication systems, pro-
ducing scores from 1.0 to 5.0, with higher values indicating
better quality. As with STOI, it is used only for modified
speech signals in our study, since synthesized signals lack a
clean reference. High PESQ scores suggest the modification
preserves quality close to the original.

2) Voice Personae Protection Evaluation Metrics: To eval-
uate the effectiveness of each method in protecting voice iden-
tity, we use speaker embedding cosine similarity and the Equal
Error Rate (EER) from an Automatic Speaker Verification
(ASV) system.

Speaker embeddings are extracted using NVIDIA’s TitaNet
[18], specifically the TitaNet-Large which is pretrained with
the same LibriSpeech data used in our experiment to ensure
the speaker characteristic is able to be extracted by the
model. Cosine similarity compares embeddings of original

and modified or synthesized speech signals, ranging from −1
(opposite) to 1 (identical). Lower similarity in synthesized
speech signals indicates effective voice personae protection,
while higher similarity in modified speech signals suggests
identity preservation.

ASV-EER is calculated by comparing embedding pairs from
the same and different speakers. It reflects the point where
false acceptance and rejection rates are equal, ranging from
0% (perfect identification) to 50% (random guessing). Low
EER indicates identity preservation, while high EER implies
reduction in speaker identifiability.

These metrics collectively assess both perceptual quality and
identity masking performance across all modification methods
studied.

IV. EVALUATIONS AND RESULTS

Table I summarizes all objective metrics, and Figs. 4 and 5
visualize quality and identity outcomes. Below, we highlight
the main findings and point to the relevant evidence rather than
listing full numeric ranges in-text.

F0 elimination: quality preserved, identifiability reduced:
F0 elimination preserves perceived quality close to the un-
modified condition while lowering synthesizer identifiability.
It maintains high DNSMOS/NISQA/PESQ and raises ASV-
EER on synthesized speech relative to the original baseline
(Table I; see also Fig. 4 for quality and Fig. 5 for identity).
In short, suppressing the pitch component offers a favorable
protection–fidelity trade-off.

Noise baselines: stronger protection at the cost of heavy
degradation: Adding white/pink noise can yield higher ASV-
EERs than F0 elimination, but only by imposing substantial
quality loss on the modified audio (Table I). As Fig. 4 shows,
MOS-type scores drop sharply as SNR decreases. Thus, while
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Fig. 4: Mean and standard deviation of MOS-type quality metrics (PESQ, DNSMOS, NISQA) for modified speech. Higher
values indicate better perceptual quality. Observe that F0 elimination retains scores close to the unmodified condition, whereas
noise addition and narrow band-pass filtering sharply reduce quality.
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Fig. 5: Speaker-embedding cosine similarity and ASV-EER for modified and synthesized speech. For modified speech, high
cosine similarity confirms identity preservation. For synthesized speech, F0 elimination reduces cosine similarity and increases
ASV-EER, indicating effective protection against impersonation while minimally affecting original identity.

effective as a stress test, noise is a poor practical baseline for
user-facing protection.

Filter families: extremes trade quality for protection: Simple
spectral shaping exhibits the expected pattern. A wide low-
pass (e.g., cutoff at 4 kHz) largely preserves quality yet yields
little protection (Table I, Fig. 5). Narrow band-pass settings,
by contrast, can drive ASV-EER higher but at a pronounced
cost to quality (Fig. 4). These outcomes bracket the operating
region where F0 elimination sits—closer to the high-quality
end while still reducing identifiability.

High-pass as a secondary compromise: A moderate high-
pass (e.g., 500 Hz) offers a middle ground: protection stronger

than low-pass with quality that remains acceptable for many
use cases (Table I). However, compared with F0 elimination,
it generally shows lower non-intrusive quality scores at com-
parable protection levels (Figs. 4–5).

Artificial reverberation: quality holds, protection limited:
Mild artificial reverberation maintains reasonable quality but
provides limited gains in ASV-EER (Table I). This suggests
reverberation alone is not an effective primary protection
mechanism at perceptually acceptable strengths.

Takeaway: Across methods, targeting pitch via F0 sup-
pression is the most reliable way to attenuate synthesizer
identifiability without paying a large quality penalty. Noise
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can push protection further but at impractical degradations,
with narrow band-pass behaves similarly. High-pass is a work-
able secondary compromise. Overall, F0 elimination delivers
the best balance between protection and quality preservation
among the evaluated approaches.

V. CONCLUSION

This study evaluated the effectiveness of various signal
processing techniques for protecting voice personae from unau-
thorized speech synthesis. We examined traditional methods,
including high-pass, low-pass, and band-pass filtering, as well
as artificial reverberation, and introduced a technique, F0

component elimination filtering. Among all methods tested,
the introduced method demonstrated a minimal impact on the
quality of the original speech signals while also being able to
hinder the performance of the speech synthesis system. The
objective evaluations indicate that the F0 component elimina-
tion achieves high speech quality while effectively reducing
speaker identifiability of synthesized speech signals. These
results suggest that targeting and suppressing the F0 contour
is a viable strategy for proactive voice personae protection.
In future work, human listening tests are to be conducted. In
addition, this technique could be combined with adversarial
methods to enhance protection further while minimizing audi-
ble artifacts.
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