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Abstract—ModernforensicaudioanalysismustdistinguishauthenticrecordingsfromAl-synthesizedandhuman-mimickedspeech,yetmost  voice-
spoofingdetectorsarebinary,treatthetrainedmodelasablackbox,andgiveananalystnoevidenceforwhyarecordingwasflagged. This paper presents
RFMD-XALI, an explainable forensic audio framework that keeps the Real-Fake-Mimic Detection (RFMD) classifier intact—a lightweight
one-dimensional convolutional neural network (1D CNN) with a three-unit SoftMax output—and appends a post-hoc explainability stage.
SHAP (SHapley Additive exPlanations) is the primary attribution method and estimates which temporal regions of the input push the
prediction toward or away from each class, while LIME (Local Interpretable Model-agnostic Explanations) provides a perturbation-based
local cross-check. The system is organized into four cooperating modules—Audio Preprocessing, Classification, Explainable Al, and
Forensic Reporting—coordinated through a central inference engine. We describe the architecture, the algorithmic
foundationofeachmodule,theend-to-endworkflow,asampleexplanationoutput,acomparativeanalysisagainsttypicalspoofingdetectors
acrossfourteenparameters,andareproducibleprotocolforevaluatingexplanationfaithfulness,stability,sparsity,classcontrast,andhuman
interpretability. Section X reports the baseline classifier results of the reference study and defines XAl acceptance criteria; no new XAl
performance values are claimed pending full-scale evaluation.

Keywords—Forensic Audio Analysis, Voice Spoofing Detection, Deepfake Speech, Human Voice Mimicry, One-Dimensional CNN,
Explainable AI, SHAP, LIME, Audio Forensics.

foundation. Section VI details the system workflow and

. INTRODUCTION Section VII the architecture. Section VIII explains the novel
Speech carries linguistic content as well as speaker-specific contribution. Section IX outlinesthe experimentalsetup and
acousticcharacteristicssuchaspitch,rhythm,andintonation. evaluationmetrics.SectionXpresentsbaselineperformance

Modern speech synthesis, voice conversion, and skilled and XAI evaluation criteria. Section XI presents a sample
human imitation can alter these characteristics enough to output.SectionXIIgivesacomparativeanalysis,Section

make forensic verification difficult. The reference RFMD XIII discusses advantages and limitations, Section XIV
study addresses this by classifying a recording into three future scope, and Section XV concludes the paper.
categories—Real, Fake (Al-synthesized), and Mimic

(human-mimicked)—using a lightweight 1D CNN, and IL EXISTINGSYSTEMANDLIMITATIONS
reports 93% overall test accuracy with class-wise F1-scores  Existing voice-spoofing and audio-deepfake detectors,
0f 0.88, 0.98, and 0.92 [1]. including academic prototypes built on CNNs, MFCC
features with SVMs, VGG-style networks, self-supervised
learning, and deep neural networks [3], [9], [10], [12], [13],
exhibit the following recurring limitations:

A high-performing classifier can still be hard to inspect. It
outputs a class and a probability vector without showing
which portions of the signal were influential, which matters
in forensic workflows where a decision may be reviewed, 1) Binary Decisions: Many systems are designed as real-
challenged, or compared with other evidence. Recent work versus-fake classifiers and do not treat human-mimicked
on explainable deepfake detection emphasizes that speech as a separate class [1].

interpretability helps connect model decisions to observable
evidencesuchastemporalregionsandacousticpatterns[22],
[24], [25].

This paper proposes RFMD-XAI, a forensic audio
framework that integrates the original three-class detector
with post-hoc SHAP and LIME explanations, a temporal
attribution display, and an analyst-oriented evidence report
within a single modular architecture. Rather than treating
explainabilityasacosmeticadd-on,RFMD-XAlisdesigned as a

2) Black-Box Predictions: The model returns a label and
score without indicating which parts of the signal drove the
decision.

3) No Temporal Localization: Analysts cannot see which
time regions of a recording contained the evidence.

4) Heavy Input Representations: Spectrogram-based 2D
CNN pipelines add computational cost and can be sensitive
to noise [1].

research contribution centered on architectural preservation, 5) UnvalidatedExplanations: Where saliencyorattribution
algorithmic justification, and measurable evaluation of the maps are shown, their faithfulness to the model is often not
explanations themselves. tested; a visually attractive heatmap is not proof of causal

The remainderof this paper is organized as follows. Section ~ influence [24].

IT reviews the limitations of existing systems. Section III 6) Single-Method Explanations: Different explanation
identifiestheresearchgap.Sectionl Vpresentstheproposed methods can highlight different regions [24], yet a single
systemandits modules.SectionVdescribes thealgorithmic method is usually reported without cross-checking.
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7) NoForensicReporting: Outputsarerarelypackagedasa
reviewable report with the probability vector, evidence
regions, and stated limitations.

8) Limited Analyst Support: Disagreement or low-
confidence cases are not flagged for human inspection.

9) Retraining Coupling:Someinterpretabledesignsmodify
the classifier or its loss, which changes the validated
detection performance.

10) UnclearRobustnessReporting:Noiserobustness,cross-
datasetbehavior,andlatencyarenotalwaysreportedtogether
with interpretability.

III. RESEARCHGAP

The literature on audio deepfake detection has largely
progressed along two tracks: (i) detection-accuracy-focused
work on binary spoof detection using ever stronger
backbones, and (ii) a smaller body of explainability work
applying SHAP, LIME, Grad-CAM, or time-domain
attribution to those detectors [21], [24], [25], [26].
Comparativelylittleworkcombinesathree-classformulation
that explicitly includes human mimicry, a lightweight
detector left unmodified, two complementary post-hoc
explainers, and a quantitative evaluation protocol within a
singlecohesiveframework.Furthermore,explanationquality is
often judged visually rather than through faithfulness,
stability, and sparsity tests. This fragmentation leaves a gap
for a lightweight, three-class, explainable, and auditable
forensic audio framework—the gap this paper addresses
through RFMD-XALI.

IV. PROPOSEDSYSTEM

RFMD-XAI is organized into four cooperating modules,
coordinated by a central inference engine and a shared
audio/model store, as illustrated in Fig. 1. The engine
mediates all cross-module communication: it passes the
preprocessed waveform to the classifier, the trained model
and the same waveform to the explainers, and the
probabilities, attributions, and agreement status to the
reporting module, fusing them into a single explained
response.

B. Classification (1D CNN)
- ConvlD 64/128/256
- MaxPooling + Dropout
Dense 1000/300
- Normalise / segment - SoftMax: Real/Fake/Mimic

v-—._,_‘_‘_\‘ ‘/'

Central Inference Engine|
Shared Audio/Model Store

A. Audio Preprocessing
- Format standardisation
- Resample / trim / pad
Noise reduction

C. Explainable Al (post-hoc)
- SHAP (primary)

D. Forensic Reporting
- Probability panel

- Attribution overlay
- Evidence report

- Caution statement

- LIME (cross-check)
- Temporal aggregation
- Faithfulness tests

Fig. 1. Framework diagram of the proposed RFMD-XAI system:
fourcooperatingmodulescoordinatedbyacentralinferenceengineandshareds
tore.
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A. AudioPreprocessingModule

This module prepares raw recordings exactly as in the
referenceRFMDpipeline[ 1];nostepisremovedorreplaced.
Itstandardizesfileextensions,resamplesaudiotoacommon
rate(Fourier-basedresamplingto60,000Hzinthereference
study), trims or pads recordings to a consistent length,
reduces noise through energy-based filtering with spectral
gating,normalizesamplitude,andsegmentslongrecordings.
Forreadabilityoftheexplanation,theresultingwaveformcan
additionally be partitioned into fixed-duration temporal
regions (forexample,100-250 ms windows). This grouping
is only an explanation interface and does not change the
classifierinputorcreateanewclassifierfeature.Interaction:
themodulesuppliesthesamewaveformtoboththeclassifier and
the XAl module.

B. ClassificationModule

The original 1D CNN is kept unchanged. It contains three
convolutionalblocksusingConv1D(64,128,and256filters,
kernel size 5, ReLU), MaxPoolinglD (pool size 2), and
dropout (rate 0.5); the feature maps are flattened and passed
throughdenselayersof1 000and300neurons,followedbya
three-unitSoftMaxoutputforReal,Fake,andMimic[1].The loss
remains categorical cross-entropy and the optimizer remains
Adam; no XAI term is added to the training loss.
Interaction: the module returns the probability vector to the
engineandexposesthetrainednetworktotheXAlmoduleas  a
fixed prediction function.

C. ExplainableAIModule

This moduleis composed ofthree components. (1) A SHAP
explainer computes additive attributions for the predicted
class (and optionally for all three classes) using gradient- or
deep-learning-based explainers with a representative
background set [22]. (2) A LIME explainer masks or
attenuates selected temporal segments, observes the change
in class probability, and fits a sparse local surrogate model
[23]. (3) A Temporal Aggregation component groups
sample-level attributions into readable temporal regions and
checks SHAP-LIME agreement. Interaction: the module
receives the trained model and preprocessed waveform and
returns ranked temporal evidence and an agreement flag to
the reporting module.

D. ForensicReportingModule

This module assembles a reviewable explanation report for
each analyzed recording: (1) the Real/Fake/Mimic
probability vector; (2) the predicted class; (3) the top
contributing temporal segments; (4) a waveform plot with
attributionoverlays;(5)theLIMElocalcontributionlist;and
(6)acautionstatementthatmodelattributionisnot,byitself,
proof of how an audio file was generated. Recordings with
lowconfidenceorSHAP-LIMEdisagreementareflaggedfor
analyst inspection. Reports are stored for later forensic
review.

E. Inter-Modulelnteraction

The four modules are not independent pipelines but a
coordinated system in which no module calls another



directly.Fig.2 summarizestheresultingdata flow:waveform

and sampling rate flow from preprocessing to the classifier;
the model and input flow to the XAI module; attributions
return through the engine to the reporting module; and the
explained result is returned to the user.

IDCNN

Preprocessing Classifler

Central

model + input
Inference Engine

explained
resil

4
;h\ﬂi]mtiuns
A
\

Forensic \

Reporting

(SHAP + LIME)

Fig.2. Moduleinteraction diagram:primarydata flows
(solid)andsecondaryflows(dashed)coordinatedthroughthecentralinf
erenceengine.

V. ALGORITHMS

A. One-Dimensional CNNClassification

Purpose: To classify a preprocessed waveform into Real,
Fake, or Mimic.

WorkingPrinciple:Convolutionalfiltersslidealongthetime
axis and learn local temporal and acoustic patterns; pooling
reduces resolution; dense layers combine the features;
SoftMax converts the three outputs into class probabilities,

p_c=exp(z_c)/X kexp(z_k),c €{Real Fake,Mimic}
6]
trained with categorical cross-entropy L =
logp c(2).
Advantages: Lightweight, avoids spectrogram-heavy 2D

processing, and reports about 0.12 s inference latency per
sample in the reference study [1].

—X cy.c

Why Selected: 1t is the validated baseline; keeping it
unchanged preserves the reported performance.

B. SHAPAttribution(Primary)

Purpose: To estimate each temporal group's contribution to
the prediction.

Working Principle: SHAP assigns each input feature (here,
each temporal group) a Shapley-value-based importance ¢;
such that the prediction is decomposed additively [22]:

)= pot+Zipi(3)
Positive ¢; indicates contribution toward the selected class;
negative @; indicates contribution away from it. For a
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differentiable Keras network, gradient- or deep-learning
explainers are used with a representative background set.
Attributions are aggregated per temporal group.

Why Selected: 1t provides additive, per-class, signed attributions
and fits differentiable networks.

C. LIMELocalCross-Check

Purpose: To provide an independent,
explanation of the same prediction.

perturbation-based

Working Principle: LIME perturbs the input by masking or
attenuatingtemporalsegments,recordstheclassifier'sprobability,
and fits a sparse interpretable model g in the neighborhood of x
[23]:

{(x)=argmin_gL(f.g,w_x)+2(g)(4)
where m_x weights samples by proximity to x and Q(g)
penalizescomplexity. AgreementbetweenSHAPandLIME
isnottreated  asproof,butdisagreement identifiescasesthat
deserve analyst inspection.

D. TemporalAggregationandAgreement

Purpose: To present explanations in human-readable time
regions and quantify method agreement.

Working Principle: Attributions are summed within each
window,rankedby magnitude,andtheoverlapoftheSHAP and
LIME top-k sets is computed:

Agreement@k=|Top-k(SHAP)NTop-k(LIME)|/k(5)
E. Faithfulness,Stability,andSparsityMetrics

Tosupportreproducibleevaluation(SectionIX),explanation
quality is formalized as follows. Faithfulness measures the
probability drop when the top-k attributed segments S_kare
masked, compared with random masking of the same size:

AF=P c(x)—P_c(xBS k)(6)

Stabilityistherankcorrelationpbetweenattributionvectors  of
an input and a slightly perturbed input (7). Sparsity is the
smallestnumberofsegmentsthataccountforachosenshare (for
example 80%) of the total attribution magnitude (8).

F. ClassificationMetric Formulations
Precision=TP/(TP+FP)(9)
Recall=TP/(TP+FN) (10)

F1=2-(Precision-Recall)/(Precision+Recall) (11)

VI. SYSTEMWORKFLOW

Fig. 3 traces the end-to-end workflow of RFMD-XAI from
recording uploadto stored forensic report. Theuser supplies a
recording; the unchanged preprocessing pipeline prepares
the waveform; the unchanged 1D CNN produces the
Real/Fake/Mimic probability vector; SHAP computes
temporal attribution for the selected class while LIME
performs local perturbation tests; the system aggregates
attributions into readable temporal regions, checks
agreement, and displays the prediction with its explanation;
the report is stored for later forensic review.



Audio upload / recording

v

Preprocessing
(unchanged RFMD pipeline)

v

1D CNN inference
(unchanged)

v

Probability vector
Real / Fake / Mimic

v

SHAP attribution
(selected class)

A\

LIME local
cross-check

v

Aggregate into
temporal regions

v

Agreement check
SHAP vs LIME

v

Explanation report
(6 components)

v

Store for forensic
review / analyst

Fig.3.End-to-endworkflowoftheRFMD-XAlsystem.

VII. SYSTEMARCHITECTURE

Fig. 4 shows the layered architecture. The Frontend layer
capturestheuploadedorrecordedaudioandforwardsittothe
Orchestration layer, which routes requests to the
Preprocessing, 1D CNN, XAI, and Report modules. All
modulesreadfromandwritetoasharedstoreholding audio,
thetrainedmodel,attributions,andreports,andconsolidated,
explained results are rendered through the Output layer.
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[ Frontend Layer (Web client: audio upload / record) ]4— ___________

!

Orchestration Layer (request routing, session state, model loading) ]

| ! ! '

=
Preprocessing 1D CNN XAI Report ¥ g
Module Module Module Module a5
[ Storage (audio, trained model, attributions, reports) J
[ Output Layer (probabilities, overlay, evidence report) } —————————— -»

Fig.4.Layeredarchitectureof RFMD-XAL

VIII. NOVELCONTRIBUTION

RFMD-XALI's novelty lies not in any single algorithm but in
theirintegration:(1)apost-hocexplanationstagethatleaves  the
validated three-class RFEMD classifier unchanged; (2) a three-
class formulation, including human mimicry, that is
explained rather than merely predicted; (3) SHAP as the
primary attribution method with LIME as an independent
cross-check, with disagreement used as an analyst-review
signal; (4) time-localized evidence presented as waveform
overlays over readable temporal regions; (5) an explicit,
reproducible evaluation protocol for faithfulness, stability,
sparsity, class contrast, and human interpretability; (6) a
structured forensic explanation reportwith a built-incaution
statement; and (7) a lightweight 1D waveform design that
avoids added classifiers, attention modules, or generative
components. Together, these distinguish RFMD-XAI from
priordetection-onlyorsingle-explainer systems reviewed in
Section II.

IX. EXPERIMENTALSETUP

Dataset: AsSRFMD-X Alisatthedesignandimplementation
stage, this section specifies the retained dataset and a
proposedexplanationconfigurationratherthanreportingnew
results. The reference implementation uses the DEEP-
VOICE dataset enriched with additional human-mimic
recordings to obtain the three target classes. The curated
dataset contains 6,780 samples divided 70:15:15 into
training, validation, and test partitions [1]; the reported test
set contains 678 samples (221 Real, 221 Fake, 236 Mimic).

Training and Testing: The classifier follows the reference
configuration: categorical cross-entropy, Adam optimizer,
learningrate(0.001,batchsize32,upto100epochs,andearly
stopping on validation loss [1]. The explainers require no
retraining. SHAP will be computed on a representative
background subset drawn from the training partition; LIME
willusetemporal-segmentmaskingoverfixedwindows(for
example 200 ms). The number of background samples and
LIME perturbations will be chosen during implementation
and reported with the results.

HardwareandSoftware:DevelopmentisplannedinPython
with TensorFlow/Keras for the 1D CNN, the SHAP and
LIMElibrariesforexplanation,Librosaforaudioprocessing,
andaFastAPIbackendwithawebclientfortheinterface,on



a GPU-enabled workstation or cloud instance. This is stated
as the proposed setup pending full deployment.

Evaluation Metrics: Classification is evaluated with
Accuracy,Precision,Recall,F1-Score,andinferencelatency.
Explanations are evaluated with Faithfulness (AF against
random masking), Stability (rank correlation under small
perturbations), Sparsity, Class Contrast, SHAP-LIME
Agreement@k,andasmallstructuredHumanInterpretability
review.

X. BASELINEPERFORMANCEANDXAI
EVALUATION CRITERIA

The classifier results below are retained from the reference
studyanddescribetheunderlyingRFMDmodel,notanewly
trained XAI experiment [1]. No numerical SHAP/LIME
score is claimed, because such values require running the
actual trained model with the chosen explanation
configuration;thecriteriainTable2definehowthosevalues will
be obtained and judged.

TABLE1.REFERENCERFMDCLASSIFICATIONREPORT [1]

Class Precision | Recall ‘ F1 | Support
Real 0.99 0.80 0.88 221
Fake 0.95 1.00 0.98 221
Mimic 0.87 0.99 0.92 236
Accuracy - - 0.93 678
MacroAvg. 0.94 0.93 0.93 678
WeightedAvg. 0.94 0.93 0.93 678

The reference study also reports above 89% accuracy under
testednoiseconditionsof5—20dBSNR,90.2%accuracyon a
subset of ASVspoof 2019 for cross-dataset validation, and
approximately0.12sinferencelatencypersample[ 1]. These
valuesareretainedonlyasbaselineevidenceforthedetector.

TABLE2.PROPOSEDXAIEVALUATIONCRITERIA

Metric Whatitasks Practicaltest/acceptancerule

Faithfulness Dohighlightedinputstru | Mask top-attributed
ly affect theprediction? | segments;thetarget-

classprobabilitydropshould
exceed that of randommasking.

Stability Dosimilarinputsreceive | Apply small
similarexplanations? permissibleperturbations;

compareattributionoverlaporra
nkcorrelation.

Sparsity Istheexplanationfocuse | Countsegmentscoveringac
d? hosen

shareofattributionmagnitud
e.

Classcontrast | DoReal/Fake/Mimic Compare class-
explanationsdifferwh | specificattributionsforthesame
ereexpected? recording.

Methodagreeme| DoSHAPandLIMEp ComputeAgreement(@k;flaglo

nt oint to w agreement for review.
similarregions?

Humaninterpret | Can an Smallstructuredreviewofclarit
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XI. SAMPLEOUTPUT

Fig. 5 and Table 3 show the form of the explanation output
produced for one recording. The values are illustrative and
generated from synthetic data to demonstrate the interface
and report structure; they are not measured outputs of the
trained RFMD model. Here the model assigns the highest
probability to Fake, the highlighted regions represent the
strongest positive contributions for the Fake class, and the
LIME check partly agrees with SHAP.

Waveform + SHAP attribution (Fake class) Class probabilities

T T T T T T T 1

0.0 0.5 Lo L5 2.0 25 a0

Time
Segment-wise SHAP vahlé‘?%ﬁ ms windows)

0.20 4

0.15
0.10 4
- Mimic - 0.02
0.05
0.00

~0.05

T T T
125 150 175 200

T
10.0
Segment index

Hlustrative example with synthetic data - not a measured output of the trained model

Fig.5.Sampleexplanationinterface(illustrative) -waveformwithSHAPoverlay,
segment-wise attribution, and class probabilities.

TABLE3.SAMPLEEXPLANATIONREPORT(ILLUSTRATIVE)

Field Samplevalue

Input sample_case 001.wav(4.0s,200mswindows,20segm
ents)

Probabilities Real0.07|Fake0.91|{Mimic0.02

Predictedclass Fake

TopSHAP S6(1.00-1.20s):+0.21;S7(1.20-1.40s):10.17,

segments S15(2.80-3.00s): +0.14

Segmentagainst S10(1.80-2.00s): —0.06

class

LIMEtop-3 S6,515,S12

SHAP-LIME Agreement(@3=2/3(moderate;reviewoptional)

agreement

Caution Attribution explains model behavior, not
thephysicaloriginoftheaudio;useassupportingeviden
ceonly.

A machine-readable version of the same report
(sample_output.json) can be used by the web interface to
render the probability panel, overlay, and evidence list.

XII. COMPARATIVEANALYSIS
TABLE4.TYPICALSPOOFINGDETECTORSVS.RFMD-XAI

Parameter Typicaldetectors ‘ RFMD-XAI
Outputclasses Oftenbinary Three-

(real/fake) class(Real/Fake/Mimic)
Humanmimicry Usuallynotaclass Explicitclass
Inputrepresentation | Oftenspectrogram/featu| Preprocessed1 D

res waveform




4 o 15
®

Parameter Typicaldetectors RFMD-XAI
Modelweight Oftenheavy LightweightIDCNN
backbones

Explainability Oftenabsent Post-hocSHAP+ LIME

Temporallocalizatio | Rare Segment-levelevidence

n

Cross-methodcheck | Rare SHAPvsLIME
agreement

Faithfulnesstesting Rare Definedprotocol

Stabilitytesting Rare Definedprotocol

Forensicreport Notprovided Structured6-partreport

Analystreviewflag Notprovided Low-agreement/low-
confidence flag

Classifiermodificatio | Mayaltermodelorloss | None(post-hoc)

n

Noise/cross- Variable Retainedfrom [1]

datasetbaseline

Trust/transparency Low Higher(evidence-
backed)

XIII. ADVANTAGESANDLIMITATIONS

RFMD-XAI offers: (i) transparency without architectural
disruption, since the classifier and its reported performance
areuntouched;(ii)time-localizedevidencetosupportanalyst
review, debugging, and model auditing; (iii) a three-class
formulation that covers human mimicry; (iv) two
complementary explainers whose disagreement is itself
informative; and (v) a defined evaluation protocol so
explanation quality is measured rather than judged by
appearance.

Limitations are also acknowledged. Attribution quality
depends on the explainer, background data, segmentation
strategy, and perturbation design. SHAP and LIME explain
the behavior of the model, not the physical origin of the
audio, and may highlight nuisance cues, recording artifacts,
ordataset-specificshortcuts. X Aloutputshouldthereforebe
treated as supporting evidence for model inspection rather
than an independent forensic conclusion [24], [27].

XIV. FUTURESCOPE

Plannedextensionsincludemultilingualexplanations,cross-
dataset attribution stability studies, more rigorous
faithfulness testing including partial-spoof evaluation [24],
analyst-in-the-loop validation, a full web-based forensic
dashboard,andevaluationonadditionalspoofingcorpora,all
without changing the Real/Fake/Mimic problem definition.

XV. CONCLUSION

This paper's principal contribution is architectural: RFMD-
XAlextendsavalidatedlightweight] DCNNforensicaudio

detector with a post-hoc explainability stage while keeping
the dataset organization, preprocessing pipeline, three-class
output, and training objective intact. Concretely, the
framework contributes (1) a modular design with SHAP as
the primary attribution method and LIME as a local cross-
check; (2)a structured explanation report and sampleoutput

91

stability, sparsity, class contrast, and human interpretability.
The reference classifier results remain those reported in [1];
no new XAl performance values are fabricated. The next
implementation step is to train or load the RFMD model,
connect the post-hoc explainers, validate the explanations
with the proposed tests, and generate forensic-friendly
reports.

format suited to forensic review; and (3)

reproducible
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a

protocol(Sectionl X, Table2)formeasuringfaithful

ness,
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