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Abstract

Audio forgery has emerged as a significant security and forensic challenge, driven by
rapid advances in generative artificial intelligence and the widespread availability of
audio editing tools, which enable the creation of highly realistic manipulated speech with
minimal technical expertise. Existing approaches predominantly operate at the file level,
providing only coarse binary decisions without identifying when or where manipulation
occurs. This study addresses fine-grained temporal localization through a unified frame-
level localization framework. We introduce a controlled forgery generation framework
derived from the TIMIT speech corpus, applying atomic, localized manipulations under
strict temporal constraints and producing precise frame-level annotations across diverse
manipulation types. Building on this dataset, we then propose a transform-agnostic
localization-driven detection approach using temporal inconsistency modeling, enabling
unified analysis across heterogeneous manipulations at frame-level resolution. To analyze
forensic evidence, we present an evidence-stratified modeling paradigm comparing three
complementary strategies: a handcrafted anomaly-based method, a deep localization model
leveraging pretrained wav2vec 2.0 representations, and a hybrid approach combining both
through confidence-aware fusion and temporal consistency reinforcement. A systematic
experimental analysis evaluates the effects of representation adaptation, hybrid fusion,
and manipulation type on detection and localization performance. Results show that
handcrafted features are insufficient for reliable frame-level localization, while task-adapted
wav2vec 2.0 achieves strong and consistent performance. The hybrid approach does not
consistently improve frame-level accuracy but yields substantial gains in segment-level
localization by enforcing temporal coherence. Per-transform analysis confirms robust
performance across most manipulations, with deletion-based operations remaining the
most challenging.

Keywords: audio forgery localization; frame-level analysis; speech forensics; handcrafted
features; neural localization; hybrid modeling

Signals 2026, 7, 42

https:/ /doi.org/10.3390/signals7030042


https://crossmark.crossref.org/dialog?doi=10.3390/signals7030042&domain=pdf&date_stamp=2026-05-10
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/signals
https://www.mdpi.com
https://orcid.org/0009-0005-0313-0729
https://doi.org/10.3390/signals7030042

Signals 2026, 7, 42

2 of 22

1. Introduction

Audio signals are essential components of contemporary communication systems.
Recent developments in audio editing software have made it possible to create extremely
realistic altered recordings. Such modifications are typically confined to brief temporal
regions while leaving the surrounding acoustic environment unchanged. It is challenging
to identify the tiny temporal discrepancies introduced by this partial alteration. This
emphasizes the necessity of efficient methods for detection and authentication [1,2].

Recent deep learning approaches, particularly those based on self-supervised speech
representations, such as wav2vec 2.0 [3], HuBERT, and WavLM, have demonstrated strong
generalization capabilities for audio analysis tasks. These representations capture rich
acoustic and linguistic information and have been successfully applied to detect spoofing
and manipulation [4-6]. However, their effectiveness for temporal localization remains
insufficiently explored. In particular, the extent to which pretrained representations encode
manipulation-relevant temporal cues, how representation adaptation affects localization
performance, and how neural models compare to traditional handcrafted signal descriptors
when operating at fine temporal granularity remain unclear [5].

Despite growing interest in audio forgery detection, existing work exhibits several
limitations when precise temporal localization is required. First, most approaches focus
on file-level classification, providing only a global decision without identifying when
manipulation occurs [6-9]. Second, localization is often treated indirectly through weakly
supervised mechanisms such as attention maps or class activation, which are not trained
using frame-level ground truth and therefore yield imprecise temporal boundaries. Third,
many publicly available datasets rely on loosely constrained synthetic editing pipelines
that introduce unrealistic artifacts or ambiguous boundary patterns, limiting their forensic
relevance [10]. Finally, prior benchmarks rarely isolate different manipulation types under
a unified and controlled protocol, making it difficult to analyze how specific operations
such as insertion, deletion, or temporal warping affect localization difficulty [1].

In this study, we address these issues by introducing a controlled framework for
analyzing localized audio manipulations. Our dataset generation process applies small,
time-limited edits to real speech recordings, keeping the surrounding audio unchanged
and enforcing strict rules on segment separation, minimum length, and timing gaps. We
used a dual-regime approach to handle both short and normal-length recordings, allowing
consistent supervision across different audio lengths. Each sample included detailed
pair-level annotations describing the manipulated segments, type of transformation, and
exact timing.

We present a localization-driven approach for detecting audio manipulation based on
transform-agnostic temporal inconsistency modeling built on this dataset. The technique
works at the frame level and learns to recognize abnormal local deviations in prosodic,
temporal, and spectral properties that result from various editing operations such as
shifting, time warping, copy, pitch adjustment, and deletion. Even in cases where altered
sections are short-lived or sparsely dispersed, the framework facilitates the detection of
partial and multi-segment modifications by aggregating the localized evidence over time.

Furthermore, we introduce an evidence-stratified modeling paradigm that explicitly
distinguishes between three complementary sources of information: handcrafted acoustic
cues, representation-driven neural embeddings, and their hybrid integration methods. By
enforcing identical temporal supervision and evaluation protocols across these strata, the
proposed formulation enables a systematic analysis of the agreement, disagreement, and
failure patterns among different signal representations, offering insights into the strengths
and limitations of each modeling approach for temporal audio analysis.
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From a forensic perspective, this work belongs to the class of passive, content-based
audio analysis methods and focuses on frame-level localization rather than global detection.

While the individual components employed in this study, handcrafted acoustic
anomaly detection, self-supervised speech representations, and confidence-aware fusion
have been explored separately in prior work, their systematic integration for fine-grained
frame-level localization of signal-level audio editing operations represents a distinct con-
tribution. The novelty of this work lies not in proposing new model architectures, but in
three underexplored directions: (1) the design of a controlled forensic benchmark with
precise frame-level annotations across diverse manipulation types, which, to the best of
our knowledge, is not currently available in the literature; (2) a principled comparative
evaluation of complementary forensic evidence sources under identical supervision and
evaluation conditions, enabling systematic analysis of their individual and combined
strengths; and (3) a confidence-gated hybrid localization framework that operates at infer-
ence time without retraining, providing forensically interpretable and temporally coherent
outputs. Together, these contributions establish a reproducible foundation for future re-
search in fine-grained audio forgery localization.

The main contributions of this study are summarized as follows:

1. A controlled dataset generation framework for localized audio manipulations, featur-
ing strict temporal constraints, dual-regime handling of short and normal recordings,
and structured pair-level annotations that support detection and localization within
a unified format.

2. A transform-agnostic localization-driven detection approach based on temporal in-
consistency modeling, enabling unified analysis of heterogeneous manipulation types
at frame-level resolution.

3. An evidence-stratified signal modeling paradigm that systematically compares hand-
crafted features, self-supervised neural representations, and their hybrid integration
under identical localization settings.

4. A comprehensive experimental analysis examining the effect of representation
adaptation, hybrid cue fusion, and manipulation type on both detection and
localization performance.

Together, these contributions provide a unified signal-processing framework for study-
ing and addressing the challenges of detecting and localizing partial audio manipulations
and establishing principled guidelines for dataset design and temporal modeling in future
audio analysis systems.

2. Related Work

The rapid advancement of audio generation and editing technologies has shifted the
landscape of audio manipulation, necessitating a parallel evolution in detection methodolo-
gies, from traditional signal processing techniques to advanced deep learning models. This
section reviews key developments in audio forgery analysis, organized into handcrafted
signal-level methods, deep-learning-based detection, and dataset design considerations,
highlighting the progression of the field and the specific gaps addressed by this work.

Audio forgery analysis methods can be broadly categorized into active and passive
authentication approaches. Active methods rely on embedded watermarks or prior integrity
mechanisms introduced during recording, whereas passive methods infer authenticity from
intrinsic properties of the audio signal without requiring prior information.

Within passive audio forensics, approaches can be further divided into container-based
and content-based methods. Container-based approaches analyze metadata, compression
artifacts, or file structure, while content-based approaches focus on signal-level, spectral, or
environmental inconsistencies introduced during manipulation.
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The present study falls within passive, content-based audio forensics and specifically
addresses the problem of fine-grained, frame-level localization of partial manipulations. Un-
like many existing detection methods that provide primarily file-level decisions, this work
focuses on identifying the precise temporal regions affected by localized editing operations.
Accordingly, the related work in this section is organized into handcrafted signal-level meth-
ods, deep-learning-based approaches, and dataset design considerations, which together
represent the most relevant branches for frame-level audio forgery localization.

2.1. Handcrafted Signal-Level Methods for Audio Forgery Analysis

Early research in audio forensics relied on handcrafted acoustic features to identify
disruptions in signal properties and detect audio manipulations. Based on the domain
from which features are extracted, these approaches can be organized into four primary
categories: Electric Network Frequency (ENF)-based, audio-signal-based, image-based,
and environment-based. Each category leverages distinct traces left by recording and
manipulation processes, offering complementary strengths and facing unique limitations.

Electric Network Frequency (ENF)-based methods: These detect tampering by analyz-
ing the ENF signal embedded in audio recordings captured using mains-powered devices.
These methods compare the extracted ENF signature with reference databases, which can
also provide information about the time and location of the recording [2]. Researchers
have used ENF analysis to spot splicing forgeries because combining audio segments can
noticeably change the ENF signal [11]. Some studies use only single ENF features and
simple machine learning models, which often leads to weaker results [12]. For example,
Reis et al. [13] used kurtosis features of ENF with a Support Vector Machine (SVM) classifier,
while Esquef et al. [14] looked at ENF variation to find splice points. Lin et al. used spectral
phase analysis, which is more resistant to noise than direct ENF trace analysis [11]. More
recent approaches combine multiple ENF features with deep learning. For instance, The
ENFformer [12], a deep learning model for ENF-based tampering detection, combines zero-
order phase, first-order phase, and frequency features. Mao et al. [15] calculated multiple
ENF features (MUSIC, Hilbert linear prediction, and Welch) for input to convolutional
neural networks. However, ENF-based methods only work well with audio that has a high
enough Signal-to-Noise Ratio (SNR) [12]. These techniques depend heavily on recording
conditions and do not work if the ENF trace is weak or hidden by noise [11,15]. Still,
they can check for edits with low computational cost [15]. Audio-Signal-Based Methods:
These methods detect tampering by analyzing inherent characteristics of the audio signal
itself, extracting features directly from audio content encompassing structure, spectral
characteristics, and internal consistency [2,11,12]. Farid et al. [16] employed bicoherence
analysis to quantify third-order correlation intensity. Lin et al. [17] utilized short-time
Fourier transform on sub-bands for spectral phase analysis, constructing feature vectors
from high-order statistical residuals of spectral phases—an approach that reduces noise but
entails significant computational complexity. Yan et al. [18] introduced a detection scheme
using features such as standard deviation of the difference signal and its high-frequency
components, analyzed with an SVM classifier, though relying exclusively on basic SVM
may yield suboptimal accuracy. Other approaches examine deviations from standard statis-
tical characteristics of digital audio, including mathematical distributions and bandwidth
fluctuations [12]. Yang et al. [19] employed the count of small-value Modified Discrete
Cosine Transform (MDCT) coefficients to differentiate authentic from counterfeit MP3 files.
Luo et al. [20] utilized both MDCT and Mel-frequency cepstral coefficients (MFCC) to
examine prior audio compression methods, and developed an Amplitude Cooccurrence
Vector (ACV) for detecting post-processing artifacts in high-frequency components. Chen
et al. [21] employed Wavelet Packet Singular Value Decomposition to leverage correlations
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in adjacent sampled sequences and continuity across frequency bands for detection and
localization. Zhou et al. [22] investigated quantum properties of digital signals through
quantum tunneling theory and an improved quantum genetic algorithm for detecting phase
changes. Challenges in this domain encompass significant computational requirements,
long processing times, and the possibility of increased false detection rates [12], while
these techniques can be effective, they often make distinct assumptions about compression
codecs, recording instruments, and ambient conditions—assumptions that may not hold in
real-world scenarios [10].

Image-Based Methods: This category involves converting audio signals into image
representations, typically spectrograms, which are then analyzed using image processing
techniques and deep learning models [8,23]. These approaches leverage the strengths of
computer vision to identify visual patterns indicative of tampering. Recent studies em-
phasize the power of spectrogram analysis for forgery detection. Wang et al. [8] proposed
robust copy-move detection and localization using Constant-Q Filterbank Cepstral Coeffi-
cient (CFCC) features, demonstrating improved performance under compression and noise.
Zhao et al. [23] designed a CNN-based model that analyzes spectrogram patches to localize
audio copy-move forgeries with high accuracy. Recent spectrogram-based approaches
have further advanced copy-move forgery detection through keypoint matching strate-
gies. Ustubioglu et al. [7] proposed a SIFT keypoint-based feature matching approach on
Mel spectrograms, demonstrating robust file-level detection performance against common
post-processing operations including compression, filtering, and noise using the TIMIT
and Arabic Speech corpora. Building on this direction, Ozgen and Altay [24] introduced
a hybrid keypoint strategy combining SIFT, FAST, and FREAK descriptors on Mel spectro-
grams, achieving file-level F1-scores exceeding 0.93 under clean conditions with improved
robustness against post-processing attacks. However, both methods address copy-move
forgery exclusively and provide only file-level or block-level decisions, without frame-level
temporal annotations or support for diverse manipulation types. These methods exploit the
rich time-frequency representations of spectrograms, which often reveal hidden artifacts
introduced during tampering. The strength of image-based approaches lies in their ability
to transfer mature image forensics and CNN architectures to audio forensics. However,
their performance may be sensitive to spectrogram resolution choices and susceptible
to adversarial post-processing such as noise filtering. Despite these challenges, image-
based methods are increasingly effective for splicing, copy-move, and even synthetic audio
detection when combined with deep neural networks [8,23].

Environment-Based Methods: This domain focuses on detecting inconsistencies or
changes in the acoustic environment, background noise, or device-specific traces within
an audio recording [11]. Zhao et al. [25] evaluated the similarity of Environmental Signa-
ture (ES) characteristics by analyzing the magnitude of acoustic channel impulse response
and ES features. Cuccovillo et al. [26] conducted audio splicing detection through mi-
crophone classification, utilizing distinctive signatures from various source devices. Yu
et al. [27] performed splicing forgery detection by extracting characteristics from back-
ground noise using MFCC and Pearson correlation coefficients. Pan et al. [28] identified
fake audio merges by analyzing variations in noise levels across questionable audio files.
A fundamental limitation of environment-based methods is that they can be circumvented
when recordings are captured under controlled conditions or with the same device [11].
Additionally, like other handcrafted approaches, they rely on assumptions about recording
conditions that may not generalize.

In summary, handcrafted signal-level methods provide interpretable, computationally
efficient tools for audio forgery analysis, each exploiting different physical or statistical
traces of manipulation. However, they share common limitations: dependence on specific

https:/ /doi.org/10.3390/signals7030042


https://doi.org/10.3390/signals7030042

Signals 2026, 7, 42

6 of 22

recording conditions, sensitivity to post-processing, and an inability to provide the fine-
grained temporal localization required for detecting partial manipulations where only short
segments are altered. These constraints motivate the exploration of data-driven approaches
that can learn more robust and generalizable representations directly from data.

2.2. Deep Forgery Detection

Recent progress in audio forgery detection has increasingly shifted toward deep learn-
ing (DL) methods, which automatically learn discriminative features directly from raw
waveforms or time—frequency representations instead of relying on handcrafted descriptors.
Unlike traditional approaches based on ENF analysis, spectral features, or noise charac-
teristics, deep learning models are capable of modeling complex nonlinear relationships
and jointly integrating diverse forensic cues within a unified framework. One prominent
research direction transforms audio signals into image-like spectrogram representations,
enabling the use of convolutional neural networks (CNNs) and established image forensics
techniques [8,23]. Spectrogram-based analysis exposes subtle tampering artifacts embed-
ded in the time-frequency structure and has demonstrated strong effectiveness in detecting
copy-move, splicing, and compression-related manipulations. For example, integrating
Constant-Q cepstral representations with CNN-based processing enhances robustness
against compression artifacts and background noise, while patch-based CNN localiza-
tion strategies allow precise identification of manipulated regions within the spectrogram
domain. Beyond spectrogram-based approaches, several end-to-end deep architectures
have been introduced for audio forgery detection. Siamese CNN models learn similarity-
aware feature embeddings that generalize effectively to noisy environments and previously
unseen forgery types [6]. Multi-scale residual networks augmented with attention mecha-
nisms improve sensitivity to signal discontinuities and other manipulation-related artifacts,
thereby enhancing detection performance under challenging acoustic conditions [9]. In
addition, decreasing-kernel convolutional architectures support adaptive feature extraction
from fused spectrogram representations, facilitating robust copy-move detection within
fully end-to-end learning frameworks [29]. Overall, deep learning techniques offer strong
generalization capabilities and enable the integration of multiple forensic evidence sources,
including spectral, ENF, and noise-related features. However, most existing approaches
remain detection-oriented, providing utterance-level or patch-level predictions rather than
precise frame-level temporal localization of manipulations. Bridging this gap between
accurate detection and temporally consistent localization remains a key open challenge in
audio forgery analysis.

2.3. Dataset Design for Localization Tasks

The development and rigorous evaluation of audio forgery detection methods are
fundamentally constrained by the availability, quality, and forensic realism of benchmark
datasets. Existing resources span multiple domains, including clean speech corpora such
as TIMIT [30], WSJ [31], and KSUD [32]; spoofing-focused datasets such as ASVspoof [33]
and Fake-or-Real [34]; and robustness-oriented collections that account for environmen-
tal noise and device variability, including NOIZEUS and MOBIPHONE. Together, these
datasets provide diversity in speakers, languages, recording environments, and manipu-
lation conditions, supporting extensive experimentation in speech processing and audio
authenticity research. However, despite this breadth, most available datasets are not specif-
ically designed for fine-grained audio forgery localization. Clean speech corpora primarily
target automatic speech recognition or speaker identification tasks, while spoofing datasets
concentrate on detecting synthetic or converted speech rather than edits applied to gen-
uine recordings. Likewise, noise- and device-robustness datasets emphasize performance
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under acoustic variability but rarely include precise temporal annotations of manipulated
segments or standardized editing protocols. The lack of temporally consistent ground
truth, controlled manipulation procedures, and transform-balanced editing scenarios sig-
nificantly restricts systematic comparison among forensic algorithms and hinders progress
toward frame-level localization. Consequently, many current detection models remain
optimized for clip-level or utterance-level classification, leaving the accurate identification
of manipulation boundaries largely unresolved. These limitations underscore the necessity
of forensically structured datasets that integrate:

¢  Controlled and reproducible manipulation generation;
*  Precise frame-level temporal annotations;
¢ Standardized evaluation across diverse forgery categories.

These requirements align with established forensic guidelines for digital audio authen-
tication, which emphasize reproducibility, chain of custody, and methodological rigor in
forensic analysis [35].

To address this gap, the present work introduces a TIMIT-based controlled forgery
dataset explicitly designed for frame-level audio forgery localization. This dataset facilitates
systematic investigation of temporal inconsistency modeling while supporting interpretable
integration of multiple forensic evidence sources.

2.4. Contextual Comparison with Related Work

Table 1 summarizes the key methodological distinctions between representative prior
work and the proposed framework across task formulation, dataset design, and evaluation
granularity, highlighting differences that preclude direct numerical comparison.

Table 1. Contextual comparison of representative audio forgery analysis approaches and the proposed
framework. Differences in task formulation and evaluation granularity preclude direct numerical
comparison. T Block-level spectrogram localization. ¥ Proposal-based segment localization evaluated
via mAP. § Approximate region indication without dense temporal annotation.

Method Forgery Type Approach Dataset Primary Metric Granularity Frame GT
Reis et al. [13] Splicing ENF + SVM Custom Accuracy File No
Chen et al. [21] Splicing Wavelet SVD Custom Detection rate Region § No
Ustubiogluetal. [7] Copy-move g;iztfggxi TIMIT, Arabic F1-score Block No
CNN
Zhao et al. [23] Copy-move spectrogram Custom Accuracy Region No
patches
Wang et al. [8] Copy-move iz(tjciii;nllarlty Custom Precision / Recall ~ Segment (matching-based) No
Ozeen and SIFT + FAST +
Alt§ [24] Copy-move FREAK on Mel Arabic, Turkish Fl-score File No
y spectrogram
Shaaban etal. [6]  Deepfake Siamese CNN Custom Accuracy File No
Das et al. [9] Deepfake ala{tetzlr?tei:); Custom Accuracy File No
Shi et al. [29] Copy-move E:ri:f SCIKI%;I Custom Accuracy File No
. 2vec2 +
Synthetic wav LAV-DF,
Wu et al. [5] . proposal ¢ mAP Segment (proposal-based) ¥ No
splicing refinement ASVS2019PS
Multi-transform  Handcrafted TIMIT-derived
Proposed Esgfg’ E}lithl 3;::;5?; ; 0+ controlled Frame F1, IoU Frame (10 ms) Yes
deletion) Hybrid benchmark
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3. Methodology
3.1. Overview of the Proposed Framework

Figure 1 illustrates the proposed end-to-end framework for localized audio forgery
analysis. The pipeline is organized into four sequential stages: data preparation, controlled
forgery generation, evidence modeling, and evaluation.

Stage 1: Data Preparation

Stage 3: Evidence Modeling Stage 4: Evaluation

Stage 2: Forgery Generation

TIMIT Corpus (Clean Speech, 630
Speakers)

Handcrafted Baseline (PCA-
Mahalanobis Anomaly Detection) Detection Metrics

(Accuracy, AUC)

Forgery Generation Protocol (Copy,
Pitch, Time Warp, Shift, Deletion)

v

Deep Baseline (wav2vec 2.0
Localization)

v v

Preprocessing (16 kHz, Mono, 32-bit
Float)

Forged Audio + Frame-Level
Annotations
(10 ms resolution)

Localization Metrics

Hybrid Baseline (Frame-F1, loU, Segment-F1)

(Confidence-Gated Fusion +

Temporal Reinforcement)

Figure 1. Overview of the proposed audio forgery framework.

Clean speech recordings are first standardized through a unified preprocessing step,
producing 16 kHz mono waveforms used consistently across all experiments. A deterministic
forgery generation protocol then introduces localized atomic manipulations within short tem-
poral regions, producing forged audio together with structured, sample-accurate annotations.

These annotated recordings are subsequently analyzed using three complementary
evidence branches. A handcrafted feature baseline captures low-level signal irregularities
through anomaly-based statistics, a deep learning baseline based on wav2vec 2.0 learns
task-adapted frame-level representations, and a hybrid baseline fuses neural predictions
with handcrafted anomaly cues. All methods operate under identical temporal supervision
and data splits to ensure controlled comparison.

Finally, predictions from each branch are evaluated using unified metrics for binary
detection and frame-level localization, where detection serves as an auxiliary measure of
global separability and localization constitutes the primary forensic task.

3.2. Dataset Construction and Statistics

This study employs a single controlled dataset derived from the TIMIT corpus, which
serves as the sole source for all training and evaluation experiments. Rather than introduc-
ing a new speech corpus, the benchmark is specifically designed for fine-grained audio
forgery localization. TIMIT provides clean, carefully recorded, and phonetically balanced
speech, making it a well-established foundation for controlled speech analysis. Build-
ing on these properties, we construct a derived dataset by applying strictly constrained,
time-limited manipulations to real speech signals and pairing each forged sample with
sample-accurate temporal annotations. Table 2 summarizes the resulting dataset statistics
and split configuration.

3.3. Preprocessing

All audio recordings are subjected to a unified and minimal preprocessing procedure.
Each file is resampled to 16 kHz, converted to single-channel (mono) format, and repre-
sented using 32-bit floating-point precision. No denoising, dereverberation, dynamic range
compression, or enhancement techniques are applied. A minimum duration constraint
of approximately 2 s is enforced to ensure feasibility of localized manipulation under
the imposed segment length and temporal gap constraints. Audio recordings near this
threshold are handled through a regime-aware generation strategy rather than padding,
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repetition, or exclusion. The same preprocessing procedure is applied consistently to both
clean and forged audio across training and evaluation splits.

Table 2. Summary of the localized audio forgery benchmark derived from TIMIT.

Property Description

Source corpus TIMIT (English read speech)
Language English

Sampling rate 16 kHz

Training files (clean/forged) 4261/4261

Test files (clean/forged) 1548/1548

Clean-to-forged ratio 1:1

Number of speakers 630

Speaker overlap None (following the official TIMIT train/test split)
Avg. duration per file ~3s

Total duration ~5.5 h (clean + forged)

Manipulation types Copy, pitch, time warp, shift, deletion
Manipulated segments per file 1-3 (variable)

Annotation resolution 10 ms frame-level masks

3.4. Forgery Generation Protocol

We adopt a controlled and fully reproducible forgery generation protocol designed
to simulate localized audio editing through atomic manipulations, including copy—paste,
pitch modification, time warping, local temporal shift, and partial deletion. Rather than
applying global transformations or synthesizing entire utterances, the generator modifies
short temporal regions while leaving the remainder of the signal unchanged, thereby
confining forensic cues to localized temporal inconsistencies.

Given a clean waveform x € R’ of duration D seconds, the generator produces
a forged waveform x together with structured ground truth annotations describing all
applied manipulations. Generation is deterministic at the file level: for each audio file
indexed by i, a fixed random seed s = sy + i is used, ensuring full reproducibility across
dataset splits.

Let G denote the set of supported atomic transformations, including copy-paste, pitch
modification, time warping, local temporal shift, and partial deletion.

For each audio file, the generator samples K non-overlapping source-target seg-
ment pairs

{(Sk, T

where each source segment S; = [s7,s}] and target segment T = [t},t{] is defined in
continuous time. Each pair is modified using exactly one atomic transformation gy € G.
Composite or chained operations are explicitly disallowed.

Segment sampling follows a constrained non-overlapping strategy that enforces: (i) no
overlap between source segments, (ii) no overlap between source and target segments,
(iif) a minimum temporal gap Amin between all segments, and (iv) segment duration sam-
pled uniformly within predefined bounds. Segment boundaries are sampled in continuous
time and converted to sample-accurate indices using the sampling rate. Target boundaries
are clamped to the valid signal duration after transformation to account for operations that
alter segment length.

To accommodate variability in audio duration, the generator employs a regime-aware
strategy. Let dpin denote the minimum segment duration. Audio files shorter than

dein + Amin (1)
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are assigned to a short-duration regime and receive exactly one localized forgery using
a restricted transformation subset, denoted by Gy, which includes copy—paste, pitch
modification, and time warping.

Segment length is constrained to at most 60% of the audio duration to prevent domi-
nance of manipulated content.

Longer recordings follow the normal regime, where multiple forgeries may be applied.
The number of forgeries K is determined automatically based on signal duration and
structural constraints, subject to predefined minimum and maximum limits. If valid non-
overlapping segments cannot be sampled under the requested configuration, the generator
falls back to a guaranteed single-forgery setup.

Each applied manipulation produces a structured annotation record containing a
unique pair identifier, source and target temporal boundaries, transformation type, trans-
formation parameters, and the assigned duration regime. All temporal annotations are
stored in seconds with sample-level precision. This pair-level representation supports
binary detection, frame-level localization, and future attribution analyses without modifi-
cation to the dataset format.

Algorithm 1 summarizes the localized forgery generation procedure.

Algorithm 1: Localized Forgery Generation

Input: Clean audio x, sampling rate f;, configuration C
Output: Forged audio X, annotations A
Initialize deterministic random seed based on file index;
Compute audio duration D;
if D < 2dmmin + Amin then
Sample one valid source-target segment pair under C;
Select transformation § € Gghorts
Apply localized transformation to target segment;
Record annotation;
else
Determine maximum feasible number of edits K under structural constraints;
Sample K non-overlapping source-target segment pairs;
fork =1to K do

Sample transformation g, € G;

Sample transformation parameters from C;

Apply localized transformation to target segment;

Record annotation;

Return X and A;

3.5. Frame-Level Forgery Localization

The primary forensic task addressed in this work is frame-level localization of audio
forgeries. Given an input audio recording, the objective is to identify the temporal regions
that have been subjected to localized manipulation. Localization provides fine-grained
temporal evidence of forgery and is treated as the primary task, while binary detection is
derived through temporal aggregation and described separately.

Let x € Rl denote an input audio waveform of duration D seconds sampled
at 16 kHz. Localization is formulated as the prediction of a binary temporal mask
m = {mq, my, ..., my}, where each element m; indicates whether the corresponding time
frame contains forged content. The number of frames is determined by a fixed hop size

h =10msas N = {%J This temporal resolution balances boundary precision with
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annotation stability; coarser resolutions reduce boundary accuracy, while finer resolutions
provide diminishing returns given encoder stride and windowing effects. Multiple disjoint
forged regions may be present within a single recording, and no assumptions are made
regarding their number, duration, or temporal arrangement.

Frame-level ground truth supervision is derived deterministically from the structured
pair-level annotations produced during forgery generation. Each annotated target segment
is converted into a binary mask by marking all frames whose temporal centers fall within
the corresponding target boundaries. Formally, a frame centered at time th is labeled as
forged if

iy — 1, if th € [t}, ;] for any target segment k, @)
0, otherwise.
This conversion is transform-agnostic and identical across all forgery types and duration
regimes. Frames outside all annotated target segments are labeled as pristine.

To enable efficient training and uniform batching, localization models operate on
fixed-duration audio segments of 4.0 s. This duration provides sufficient temporal context
to capture local manipulation artifacts while limiting the inclusion of unrelated speech
content. Empirically, we observed that modest variations in crop duration did not alter the
relative performance trends between handcrafted, neural, and hybrid methods. During
training, random temporal crops are sampled from each audio file, and the corresponding
segments of the ground truth mask are extracted using the same temporal offsets. During
evaluation, center cropping is applied to ensure deterministic alignment. Audio recordings
shorter than the required duration are zero-padded symmetrically, with mask alignment
preserved using the same hop size.

Precise temporal boundaries of audio edits are inherently ambiguous due to window-
ing effects, encoder stride, and gradual signal transitions. Accordingly, all ground truth
masks remain strictly binary during training, and boundary ambiguity is addressed at
evaluation time through boundary-tolerant localization metrics.

The localization task encompasses all supported forgery operations, including
copy—paste, pitch modification, time warping, local temporal shift, and partial deletion.
The formulation is intentionally transform-agnostic: models are not required to identify the
specific manipulation applied and operate without access to oracle detection labels or prior
knowledge of the number or placement of forged regions.

3.6. Handcrafted Feature Baseline

To provide a classical and interpretable reference point, we employ an unsupervised
PCA-Mahalanobis distance-based anomaly localization baseline built on handcrafted
acoustic features. This model operates as a statistical deviation detector that learns the
distribution of clean speech and identifies localized forgeries as frames that deviate from
this learned reference. Unlike neural baselines, it does not rely on task-specific supervision
or learned semantic representations, serving instead as a principled signal-level baseline.

Handcrafted features are extracted directly from the waveform using a 25ms anal-
ysis window and a 10ms hop size, matching the temporal resolution used throughout
the localization framework. The feature set is designed to capture both spectral struc-
ture and short-term temporal dynamics, and includes mel-frequency cepstral coefficients
(MFCCs) with first- and second-order derivatives, spectral flux, root-mean-square (RMS)
energy, and zero-crossing rate. All features are computed on raw audio without denoising,
dereverberation, or enhancement in order to avoid suppressing potential forensic artifacts.

For each recording, this process yields a temporally aligned feature matrix
F = {f},...,f7}, where T denotes the number of frames and D the feature dimensionality.
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Rather than performing per-utterance normalization or heuristic aggregation, anomaly
detection is formulated using a global statistical model trained exclusively on clean speech.
Let X € RN*D denote the collection of all frame-level feature vectors extracted from clean
training recordings. A principal component analysis (PCA) transform is first learned to
decorrelate features and reduce dimensionality y; = W (f; — u), where W € RP*" con-
tains the top r principal components and p is the global feature mean estimated from
clean data.

On the PCA-projected space, a robust covariance estimator is fit using the Ledoit-Wolf
shrinkage method. Given the estimated mean 1, and precision matrix £~ ! a frame-level
anomaly score is computed as the squared Mahalanobis distance:

St = (Yt - :uy)Tz’il(yt - I’ly) (3)

This formulation explicitly models deviations from the global distribution of clean speech and is
sensitive to localized spectral and temporal inconsistencies introduced by partial manipulations.

To suppress spurious frame-level fluctuations, anomaly scores are optionally smoothed
using a short median filter. A fixed threshold 7, selected on the development split by
maximizing Frame F1, is then applied to obtain a binary localization mask:

N 1/ St Z T,
my = . 4)
0, otherwise.

No parameter tuning or threshold adjustment is performed on the test set.

This handcrafted localization method is fully unsupervised: ground-truth annotations
are never used during model fitting and are employed only for threshold selection and
evaluation. As such, it serves as a principled lower-bound reference that highlights the
limitations of purely signal-level anomaly detection. At the same time, it provides comple-
mentary boundary-sensitive cues that are later exploited in the proposed hybrid framework
to stabilize neural predictions.

Although the handcrafted model is primarily designed for frame-level anomaly local-
ization, it is also evaluated in a file-level detection setting to provide a classical baseline for
global forgery discrimination. For detection, frame-level anomaly scores {s;} are aggre-
gated into a fixed-dimensional utterance representation using summary statistics, including
the mean, maximum, and variance. These aggregated features are passed to a logistic re-
gression classifier trained with file-level supervision. All classifier hyperparameters are
selected on the development split, and no test-time tuning is performed.

3.7. Neural Representation Baseline (wav2vec 2.0)

To evaluate the role of learned representations in localized audio forgery analysis, we
employ deep learning baselines built on pretrained self-supervised speech encoders. The
same encoder backbone is used consistently across both detection and localization tasks to
ensure a fair comparison. Any observed performance differences therefore arise from task
formulation and supervision rather than architectural variation.

All deep baselines are based on the wav2vec 2.0 base model (wav2vec2-base), pre-
trained on the LibriSpeech 960-h corpus of clean English speech. The encoder produces
768-dimensional contextualized frame-level representations. For task adaptation, only the
final two transformer layers are unfrozen, while earlier layers remain frozen. Given a raw
waveform input x € R, the encoder produces a sequence of contextualized frame-level
embeddings H = {h;,..., hy}, where h; € RP, D = 768 for the base model, and T’ de-
pends on the encoder stride. The pretrained encoder is not exposed to any forgery-related
supervision during pretraining.
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For binary detection, the encoder is partially adapted by unfreezing the final two
transformer layers, while all earlier layers remain frozen. A fixed-length utterance-level
representation is obtained via temporal average pooling, z = % Ztll h;, and passed to
a lightweight classification head consisting of two fully connected layers with ReLU activa-
tion. The model is trained using cross-entropy loss with file-level supervision. Temporal
structure is intentionally discarded to reflect the global nature of the detection task.

For localization, temporal structure is preserved. Frame-level embeddings are pro-
cessed directly to estimate a forgery likelihood at each time step. As in the detection setting,
only the final two transformer layers of the encoder are unfrozen. Let H € R *D denote the
encoder output. A shallow temporal prediction head, implemented as a one-dimensional
convolutional network, operates on this sequence: p; = o (fg(h¢)), where fy denotes the
convolutional head and ¢ is the sigmoid function. The head consists of a Conv1D layer
with kernel size 3 and ReLU activation, followed by a pointwise Conv1D projection to
a single output channel.

Frame-level ground truth masks are downsampled when necessary to match the
encoder temporal resolution. Training is performed using binary cross-entropy loss with
logits. Localization is learned without access to oracle detection labels or prior knowledge
of the number or type of manipulations present in the audio.

By sharing a common pretrained backbone across detection and localization tasks,
these baselines provide a controlled assessment of how learned speech representations
support both global and fine-grained forensic inference. Unfreezing only the final trans-
former layers yields a favorable balance between task adaptation and overfitting risk.
Deeper adaptation did not change qualitative performance trends and resulted in less
stable training behavior.

3.8. Hybrid Confidence-Gated Localization with Temporal Reinforcement

Handcrafted and neural representations capture complementary forensic cues. Hand-
crafted features are sensitive to low-level signal irregularities, while deep neural repre-
sentations encode higher-level contextual and phonetic consistency. The neural evidence
branch is instantiated using the adapted wav2vec 2.0 localization model, whose pretrained
contextual representations and calibrated frame-level posteriors make it well suited for
confidence-aware fusion. To leverage these complementary properties without introducing
additional supervision, joint training, or feature-level coupling, we propose a hybrid local-
ization framework that integrates both evidence sources through confidence-aware fusion
and explicit temporal consistency enforcement.

The proposed hybrid method operates entirely at inference time and does not involve
end-to-end retraining, feature concatenation, or task-specific tuning. Fusion is performed
deterministically at the frame level, enabling controlled analysis under identical evalua-
tion conditions.

Let p € [0,1]7 and s € RT denote the frame-level posterior probabilities produced
by the neural localization model and the anomaly scores produced by the handcrafted
detector, respectively. Here, p; and s; denote the corresponding scalar values at frame ¢,
and T denotes the number of frames at the neural encoder resolution, consistent with T
defined in Section 3.7.

Because the two pipelines may operate at different native temporal resolutions, hand-
crafted scores are temporally aligned to the neural timeline using linear interpolation.
Rather than directly combining binary masks, fusion is governed by the confidence of
the neural prediction. Three confidence regimes are defined using fixed thresholds Tj;gh
and Ty :
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*  If pt > Thign, the frame is accepted as forged based on neural evidence alone.

o If pr < Ty, the frame is rejected as genuine.

* I Tow < pt < Thigh, the neural prediction is considered uncertain, and the handcrafted
anomaly score is consulted. The frame is marked as forged only if s; > Tjang.

This confidence-gated strategy ensures that handcrafted evidence is used exclusively
to resolve ambiguous neural predictions, preventing it from overriding high-confidence
neural decisions or introducing spurious detections in clearly genuine regions.

Although confidence-gated fusion improves the reliability of frame-level decisions,
forged regions are inherently temporally contiguous. To enforce this structural prior,
a lightweight temporal reinforcement step is applied to the fused binary mask. This step
consists of short-gap filling, minimum segment length enforcement, and limited local
dilation over a small temporal radius.

Importantly, temporal reinforcement does not introduce new evidence or modify
confidence thresholds. Instead, it stabilizes contiguous detections, reduces temporal frag-
mentation, and improves segment-level coherence while preserving the conservative nature
of the fusion logic.

3.9. Evaluation Metrics

The proposed framework is evaluated on two tasks: binary forgery detection and
frame-level forgery localization. All metrics are computed on held-out test data, with all
thresholds and hyperparameters fixed using the development split.

3.9.1. Detection Metrics

Binary forgery detection is evaluated at the file level using classification accuracy and
the area under the receiver operating characteristic curve (AUC). Accuracy measures the
proportion of correctly classified recordings,

1Y
Accuracy = N Z (9, = vy) 5)
i=1

where y; € {0,1} denotes the ground-truth label and §; is obtained by thresholding the
forged-class probability at 0.5. AUC provides a threshold-independent measure of discrim-
inative performance by assessing the ranking quality between forged and clean samples.

3.9.2. Localization Metrics

Forgery localization is evaluated at a fixed temporal resolution of 10 ms using binary
frame-level masks. Predicted probabilities are thresholded using a fixed value selected on
the development split.

Frame-level precision, recall, and F1 score are computed as

TP
Precision = TP + EP’ (6)
TP
Recall = ——— 7
T TP N @)
2 - Precision - Recall
FrameFl — recision - Reca @)

Precision + Recall

where TP, FP, and FN denote the number of true positives, false positives, and false
negatives, respectively, computed by comparing predicted and ground-truth frame labels.
Precision (6) and Recall (7) are combined to compute Frame F1 (8), which is treated as the
primary localization metric.
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To quantify overall overlap consistency between predicted and ground-truth manipu-
lated regions, frame-level intersection over union (IoU, (9)) is additionally reported:

|mpred ) mgt|

IoU = .
oU | mbPred [ mst |

©)
To account for boundary uncertainty introduced by windowing effects, encoder stride,
and gradual signal transitions, a boundary-tolerant Frame F1 is computed by allowing
a temporal tolerance of £50 ms around ground-truth boundaries. Under this tolerance,
predicted frames within the specified temporal window are considered correctly matched
for the purpose of computing TP, FP, and FN.

Under this formulation, tolerance-adjusted counts TP, FP, and FN are computed by
considering predicted frames within the specified temporal window as correct matches.
These adjusted counts are then used to compute boundary-tolerant Precision, Recall, and
Frame F1 in the same manner as their standard definitions.

Finally, a segment-level F1 score is reported as a coarse-grained diagnostic metric.
Binary frame masks are converted into contiguous temporal segments, and a predicted
segment is considered correct if it overlaps a ground-truth segment within a temporal
tolerance and exceeds a minimum IoU threshold. Segment-level F1 is reported as a comple-
mentary forensic indicator that captures temporal coherence and structural consistency of
predicted regions, providing a measure of practical forensic utility that is distinct from but
complementary to frame-level boundary precision.

4. Results and Discussion
4.1. Experimental Protocol

All results are reported on the held-out test split. Binary detection and frame-level
localization are evaluated using the data partitions defined in Section 3. Localization
performance is assessed at a fixed temporal resolution of 10 ms. For all methods requiring
thresholding, thresholds are selected on the development split and fixed for test evaluation.

Binary detection is evaluated at the file level, while localization models operate on
fixed-duration audio segments as described in the methodology. No parameter tuning or
threshold adjustment is performed on the test set.

4.2. Binary Forgery Detection Performance

Binary forgery detection is evaluated as a secondary task to provide a coarse file-level
indication of whether an audio recording contains any manipulation. Detection does not
localize edits in time, but instead serves as a global reference for separability between clean
and forged signals. Performance is reported for handcrafted and deep representations.
The hybrid method is not considered here, as it is designed specifically for frame-level
localization rather than global classification. The deep model substantially outperforms
the handcrafted baseline across both metrics, while handcrafted statistics capture certain
global spectral and energy deviations introduced by manipulation, they rely on coarse
distributional differences and therefore exhibit limited discriminative capacity. In contrast,
the pretrained wav2vec 2.0 encoder provides high-capacity contextual representations
that model phonetic structure, prosody, and long-range temporal consistency. Fine-tuning
these representations for forgery detection yields near-perfect ranking performance and
significantly higher classification accuracy, as shown in Table 3.
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Table 3. Binary forgery detection performance on the test set. The deep model is based on
a wav2vec 2.0 encoder with the final two transformer layers fine-tuned. Results are reported from
the best development-selected checkpoint.

Method Accuracy ROC-AUC
Handcrafted (Logistic Regression) 0.856 0.926
Deep (wav2vec 2.0) 0.988 0.998

Figures 2 and 3 further illustrate this performance gap. Both visualizations clearly
demonstrate the superior discriminative capability of the deep model compared to the
handcrafted baseline, consistently showing stronger separation between clean and forged
recordings across evaluation settings.

ROC Curve for Binary Forgery Detection
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Handcrafted (LogReg) AUC = 0.926
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False Positive Rate

Figure 2. Receiver operating characteristic (ROC) curves for binary forgery detection. The dotted line
represents the random classifier baseline.

Although detection confirms that manipulated recordings can be reliably distinguished
at the file level, it provides only a binary decision and offers no insight into the temporal
extent or location of edits. For forensic analysis, such coarse predictions are insufficient.
Consequently, we next focus on frame-level localization, which provides fine-grained
temporal evidence of manipulation.
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Binary Forgery Detection Performance Comparison

B Handcrafted
[ Deep

1.000 A

0.975 1

0.950 A

0.925 A

Score

0.900 A1

0.875 A

0.850 A

0.825 A1

0.800 -
Accuracy ROC-AUC

Figure 3. Bar-chart comparison of binary forgery detection performance.

4.3. Frame-Level Forgery Localization Performance

Frame-level forgery localization constitutes the primary task of this study and requires
models to identify the precise temporal regions affected by manipulation. Localization
performance is evaluated using Frame F1 (8) as the principal metric. Segment F1 is addi-
tionally reported as a complementary indicator of forensic utility, capturing the coherence
and structural consistency of predicted tampered regions. Boundary-tolerant Frame F1 and
frame-level intersection-over-union (IoU, (9)) are reported as complementary measures
capturing boundary accuracy and overall overlap consistency, respectively, as shown in
Table 4.

Table 4. Frame-level forgery localization performance on the test set.

Method FrameF1  Boundary F1 SegmentF1  IoU

Handcrafted (Anomaly-based) 0.4491 0.4495 0.4088 0.2940
Deep (wav2vec 2.0) 0.7519 0.7542 0.7064 0.6339
Hybrid (Deep + Handcrafted) 0.7471 0.7475 0.7938 0.6171

Several important observations emerge from these results. First, the handcrafted
anomaly-based baseline performs weakly across all localization metrics, while it achieves
moderate frame-level accuracy, its low IoU and segment-level F1 indicate fragmented
detections and poor temporal coherence. This behavior is expected, as the method is
entirely unsupervised and relies solely on low-level statistical deviations from clean speech
rather than task-specific learning. Handcrafted descriptors are sensitive to local spectral
and energy fluctuations, many of which arise naturally in speech and are not indicative of
manipulation, leading to frequent false positives and unstable temporal predictions.

Second, the deep wav2vec 2.0-based localization model achieves strong and consistent
performance across all metrics. Leveraging pretrained contextual representations that
encode phonetic structure, prosody, and long-range temporal dependencies, the model
effectively captures subtle inconsistencies introduced by localized manipulations such as
segment insertion, pitch modification, or temporal warping. This is reflected not only
in high Frame F1 and Boundary F1 scores, but also in the highest IoU value among the
evaluated methods, indicating superior overlap consistency between predicted and ground-
truth manipulated regions.

Finally, the proposed hybrid framework exhibits a distinct and complementary perfor-
mance profile, while its Frame F1 and Boundary F1 scores are marginally lower than those
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of the deep model, it achieves a substantial improvement in Segment F1, outperforming
the neural baseline by a wide margin. Although the hybrid model yields slightly lower
IoU than the deep-only approach, this reduction reflects more conservative frame-level
decisions rather than degraded localization quality. The confidence-gated fusion restricts
the influence of handcrafted anomaly cues to regions of neural uncertainty, while tem-
poral reinforcement suppresses spurious detections and stabilizes contiguous segments.
As a result, the hybrid framework produces more temporally coherent and structurally
consistent forged regions, even when frame-wise overlap is slightly reduced.

Overall, these findings highlight a clear trade-off between fine-grained frame-level
accuracy and segment-level coherence, while learned contextual representations are es-
sential for accurate and stable overlap with manipulated regions, integrating handcrafted
anomaly cues through principled confidence gating and temporal reinforcement yields
more coherent and forensically meaningful segment-level localization without aggressive
threshold tuning or transform-specific heuristics.

While Frame F1 is treated as the primary localization metric in this study—reflecting
the finest achievable temporal resolution—segment-level coherence carries distinct and
complementary forensic significance. In practical audio forensic analysis, the objective
extends beyond correctly labeling individual frames to identifying manipulated regions as
temporally contiguous and well-bounded segments. Models that produce fragmented or
temporally inconsistent predictions, even with strong frame-level accuracy, may be less
actionable in forensic workflows.

The hybrid framework is designed with this consideration in mind, incorporating
confidence-gated fusion and temporal reinforcement to promote structural consistency
in predicted regions. As a result, it demonstrates improved segment-level coherence
while maintaining competitive frame-level performance. Accordingly, Frame F1 and
Segment F1 should be interpreted as complementary indicators: the former quantifies
boundary precision, while the latter reflects the practical usability of the predictions in
forensic analysis.

4.4. Per-Transform Localization Performance

Results are presented for the adapted deep neural localization model (Table 5) and the
hybrid fusion model (Table 6). The handcrafted anomaly-based baseline is omitted from
this analysis, as its overall localization performance was uniformly low and did not exhibit
meaningful variation across manipulation types.

4.4.1. Deep (wav2vec 2.0): Per-Transform Localization Performance

The results show that the adapted wav2vec 2.0 localization model achieves consistently
strong performance across most manipulation types, as shown in Table 5. Pitch modifi-
cation, time warping, copy—paste, and local temporal shift operations all yield Frame F1
scores in the range of approximately 0.75 to 0.81, indicating that the model generalizes well
across a diverse set of additive and modification-based edits. These transformations typi-
cally introduce either boundary artifacts or contextual inconsistencies that are effectively
captured by the model’s learned temporal representations.
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Table 5. Per-transform localization performance of the Deep (wav2vec 2.0) model on the test set.

Transform Frame F1 Boundary F1 Segment F1 n

Time warp 0.787 0.789 0.761 315
Local shift 0.757 0.759 0.685 294
Copy 0.783 0.784 0.731 349
Pitch 0.811 0.813 0.792 350
Partial deletion 0.568 0.574 0.500 240

Among the evaluated manipulations, partial deletion is clearly the most challenging,
exhibiting a noticeable drop in performance across all metrics. Unlike insertion or replace-
ment operations, deletion removes content without introducing foreign acoustic material,
resulting in weaker boundary cues and fewer explicit signal discontinuities. As a result,
localization must rely primarily on contextual inconsistencies, which are inherently more
difficult to detect precisely at the frame level.

Despite this challenge, the model still achieves a Segment F1 of 0.50 for deletion-based
forgeries, suggesting that it can identify manipulated regions at a coarse temporal scale even
when fine-grained boundary localization is more ambiguous. Overall, the relatively stable
performance across most transforms highlights the robustness of the adapted wav2vec
2.0 encoder for localized audio forgery detection, with sensitivity primarily observed for
deletion-based edits that lack strong acoustic artifacts.

4.4.2. Hybrid Localization Performance

To assess whether handcrafted anomaly cues provide complementary evidence beyond
neural predictions, we report per-transform localization performance of the hybrid fusion
model with confidence-gated fusion and temporal reinforcement. Results are summarized
in Table 6.

Table 6. Per-transform localization performance of the hybrid model.

Transform Frame F1 Boundary F1 Segment F1 n

Time warp 0.782 0.784 0.685 315
Local shift 0.744 0.745 0.583 294
Copy 0.775 0.776 0.640 349
Pitch 0.794 0.795 0.696 350
Partial deletion 0.587 0.590 0.495 240

Across all manipulation types, the hybrid model achieves frame-level and boundary-
level performance comparable to the adapted neural baseline, indicating that confidence-
gated fusion preserves neural precision without introducing excessive false positives.
Frame F1 values remain stable across time warping, copy—paste, pitch modification, and
local temporal shifts, while partial deletion remains the most challenging case.

At the segment level, the hybrid model exhibits improved temporal coherence relative
to frame-wise fusion alone, though gains vary across manipulation types. Operations that
introduce explicit boundary artifacts, such as copy—paste, pitch modification, and time
warping, benefit more from temporal reinforcement than deletion-based edits. In contrast,
partial deletion yields lower segment-level performance, reflecting the absence of strong
acoustic discontinuities or foreign material.

Overall, these results indicate that the hybrid framework primarily improves lo-
calization consistency rather than raw detection sensitivity, while it does not uniformly
outperform the neural model at the frame level, it provides more temporally stable seg-
ment predictions across most transformation types, supporting its use as a complementary
forensic localizer rather than a replacement for learned representations.

https:/ /doi.org/10.3390/signals7030042


https://doi.org/10.3390/signals7030042

Signals 2026, 7, 42

20 of 22

5. Limitations and Future Work

The proposed framework is designed to isolate and analyze the intrinsic difficulty
of fine-grained audio forgery localization under controlled conditions, while this design
enables precise evaluation and reproducibility, it does not explicitly model real-world dis-
tribution shift. In practical settings, forged recordings may undergo additional processing
such as lossy compression, re-encoding, background noise, or transmission artifacts, all of
which can alter the acoustic characteristics of both genuine and manipulated regions.

Moreover, all experiments are conducted on English read speech derived from the
TIMIT corpus, and the benchmark focuses on single, localized manipulation operations,
while TIMIT provides a clean, phonetically balanced, and reproducible foundation that is
well-suited for controlled forensic analysis, it does not capture the diversity of real-world
recording conditions, languages, or acoustic environments. The relatively small scale of
the benchmark and its focus on read speech may limit generalization to conversational,
multilingual, or noise-degraded audio. Evaluating the proposed framework on larger
and more diverse datasets such as ASVspoof and PartialSpoof [4], as well as in-the-wild
recordings, remains an important direction for future work and is explicitly identified as
a priority.

Future work will extend the proposed framework toward more realistic forensic
scenarios by evaluating localization robustness under distribution shift and on partially
manipulated recordings from public benchmarks such as ASVspoof. Additional direc-
tions include analyzing user-edited speech involving manual cut—paste operations or
silence removal, expanding the evaluation to multilingual and conversational speech, and
studying compound or overlapping manipulations. From a modeling perspective, further
improvements may be achieved through stronger temporal modeling and uncertainty-
aware boundary refinement, provided that such extensions preserve the interpretability,
stability, and conservative decision-making principles emphasized in this work.

6. Conclusions

This work presents a structured and reproducible framework for localized audio
forgery analysis, with a primary focus on fine-grained temporal localization of partial
manipulations rather than coarse file-level classification. By introducing a controlled forgery
generation protocol with precise frame-level annotations, the proposed framework enables
systematic and fair evaluation of localization performance across diverse manipulation
types. Handcrafted signal-level methods, supervised neural representations, and hybrid
fusion strategies are examined within a unified experimental setting to disentangle the
contribution of different forensic evidence sources.

Experimental results demonstrate that purely anomaly-based handcrafted features
are insufficient for reliable frame-level localization, while such features capture low-level
spectral and energy irregularities, their lack of task-specific supervision and contextual
modeling leads to high false-positive rates, fragmented detections, and weak overlap con-
sistency. In contrast, task-adapted pretrained speech representations based on wav2vec
2.0 consistently achieve strong localization performance across all metrics, including high
frame-level F1 and IoU scores, indicating accurate and stable alignment with manipu-
lated regions.

The proposed hybrid localization framework, which combines confidence-gated fusion
with explicit temporal reinforcement, does not uniformly outperform the neural model at
the frame level. However, it provides a clear and consistent advantage in segment-level
localization. By enforcing temporal coherence without altering confidence thresholds or
introducing additional supervision, the hybrid approach substantially improves Segment
F1, yielding more contiguous and forensically meaningful localization outputs. These
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results show that handcrafted anomaly cues, while weak in isolation, can play a valuable
supporting role when selectively integrated to stabilize neural predictions over time.

Per-transform analysis further confirms that the adapted neural model offers ro-
bust and consistent localization across a wide range of manipulation types, including
copy—paste, pitch modification, time warping, and temporal shifts. Deletion-based edits re-
main the most challenging scenario for all methods, reflecting the absence of strong acoustic
discontinuities when content is removed rather than replaced. Nevertheless, performance
degradation remains moderate, suggesting that contextual modeling remains effective even
under subtle manipulation conditions.

Overall, the findings highlight a clear division of strengths. Supervised neural rep-
resentations provide the most accurate frame-level detection and overlap consistency for
localized audio forgeries, while the proposed hybrid framework improves temporal coher-
ence and segment-level interpretability. The presented benchmark, evaluation protocol,
and analysis provide a reproducible foundation for future research in fine-grained audio
forensics, including stronger temporal modeling, improved boundary refinement, and
defenses against increasingly realistic and localized generative editing techniques.
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