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Abstract: Objective In the field of multimedia forensics, identifying the source of voice evidence is critically important for

judicial applications and information security. Voice recordings often serve as key evidence in legal investigations, yet
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their evidential value is limited by the capabilities of current analytical techniques. Most existing approaches focus on iden-
tifying the mobile phone model but lack the precision to differentiate between individual devices of the same model. This
limitation significantly reduces the utility of voice evidence, as it cannot be uniquely linked to a specific device. As a
result, such evidence is often treated as supplementary in court proceedings rather than being considered direct and legally
valid proof. Fine-grained device identification inability hinders digital forensics effectiveness and highlights the need for
advanced methodologies. Methods To address this challenge, this paper proposes a novel voice source identification ( VSI)
model based on multi-scale feature fusion and dynamic enhancement. The model is designed to capture and amplify the
subtle hardware-specific fingerprints embedded in speech signals. These fingerprints arise from variations in microphone
and circuit components, making them unique to each device. The proposed framework consists of several interconnected
modules. First, a residual-attention collaborative network is employed to enhance feature representation. This network
combines the strengths of residual learning and attention mechanisms, enabling the model to focus on device-related charac-
teristics while suppressing irrelevant speech content and environmental noise. The residual connections facilitate training
stability, while the attention mechanism dynamically weights important features, improving discriminability. Second, a
dual-path feature extraction structure is implemented. The overall feature extraction module uses an expression-enhanced
Time Delay Neural Network (ETDNN) to capture broad, context-rich device characteristics. This module processes long-
term temporal dependencies, which are essential for identifying model-level attributes. Simultaneously, a local feature
extraction module based on a multi-level residual SE-Res2Net architecture is used to capture fine-grained, high-frequency
details. This component excels at identifying minute differences between individual devices by leveraging hierarchical
residual connections and channel-wise attention, enabling multi-scale feature learning within a unified framework. Third,
a feature enhancement module incorporating feature recalibration and dynamic global filtering is applied. This module
refines the fused multi-scale features by emphasizing task-relevant information and filtering out noise. Feature recalibration
adjusts channel-wise feature responses adaptively, while dynamic global filtering performs content-aware smoothing and
enhancement, further strengthening the device-specific representations. Finally, a fine-grained classification model is con-
structed to achieve cross-level device identification. This classifier is trained to distinguish devices at multiple hierarchical
levels, from brand and model down to the individual unit, improving both accuracy and generalization. The entire architec-
ture is optimized end-to-end, ensuring seamless integration of all components. Results To comprehensively evaluate the
effectiveness of the proposed VSI model, a large-scale voice dataset comprising 14 mobile phone brands and 121 different
individual devices was constructed. This dataset is‘designed to cover a wide range of scenarios and conditions, thereby pro-
viding a rigorous testbed for assessing the model’s performance. The VSI model was evaluated using three key metrics:
equal error rate (EER) , accuracy (ACC), and minimum detection cost function (minDCF). The results demonstrate the
superior performance of the VSI model compared to existing methods. Specifically, the VSI model achieved an EER of
7.50%, an ACC of 89.97%, and a minDCF of 0. 38. These results are significantly better than those obtained by four
other state-of-the-art methods reported in the literature. Compared to these methods, the EER was reduced by 4. 75%,
4.71%, 5.44% and 3.46%, respectively. The ACC was increased by 3.98%, 2.20%, 4.90%, and 2.52% respec-
tively. The minDCF was decreased by 0. 04, 0.04, 0.30, and 0. 03, respectively. These improvements highlight the
effectiveness of the VSI model in accurately identifying individual devices from voice signals. Moreover, the VSI model
demonstrated robustness under varying conditions of voice duration, sampling rate, and encoding format. This robustness
is crucial for practical applications, as voice signals in real-world scenarios often exhibit variations in these parameters.
The ability of the VSI model to maintain high performance across different conditions indicates its potential for widespread
adoption in forensic and security-related applications. Conclusion The findings demonstrate that the proposed VSI model
significantly advances the field of voice source identification by enabling precise, individual-level device recognition. By
effectively extracting and enhancing hardware-specific fingerprints from speech signals, the model provides a reliable
means of linking voice recordings to specific mobile devices. This capability enhances the evidentiary value of voice data in
judicial contexts, allowing it to serve as direct and valid evidence. Furthermore, the model’s robustness to real-world varia-
tions ensures its practical applicability in diverse scenarios. These contributions offer strong technical support for judicial

forensics, intelligent terminal authentication, and broader domains of multimedia security. Future work will focus on
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extending the model to handle more complex audio manipulations and integrating it with complementary forensic tech-

niques.
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Fig. 2 Structure of the expression-enhanced TDNN
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Fig. 4 Structure of the discrimination network

ARSI, 1 S TE I A 4 Bkl A R R e T
PHEz AR BN IR] R A RRIE A B 5 Bl 38 3 1
TR Z R AE 7R A T R AR AL B, 53 o 4 12 2 6
FEAE WS R 192 4 1 1) i R R 5 2R 5 1 FH AAM-
Softmax 125 BRI (Deng 25 ,2019) (Xu %%, 2019) 14k
BRI 53 25 68 77 5 B )5 76 #1531 2 (Type Discrimina-
tion Layer, TDL )R FH A 5% M 2 B £ P B0 & i AR
ARABLPE | DT R A5 o T[] — LA

3 XKWHERSHN

T W UEAS ST VSR RY A A w5 , 1 ek
H T A E ZAF UL A 2R B A B 4
HVK 25 18 BN A AT 45 2 10 1ok iy A 4515 4 1
W A5 A R — AN B A TS A SR ik 2
R TN R SRR NI S 1L [P il S [ R M 7R 7
NPT 55 B o BE AR DG, DRI E 28 M i8R

{4, 1) ECAPA-TDNN (Desplanques &5 2020) . DS-
TDNN (Li %, 2024) . CAM++ (Wang %5 , 2023) Al
SERes2BiLSTM (Weng %%, 2025 )/ % L AR AL, I M
AR RN R A 22 T TR L 5 A SO AR i
17

3.1 HIEESXWIEE

ARSCAE SCHR (TR IR AR 45, 2021) 3 | fy s T —
ML 14T ST 121 8 FIL KR5S
AR, RTINS A DT RAAMME . Bl
LSS AT T H RN SRR S
ZMG s, R E RS AE BHE R LR E
M2/ AL S5, B TR 5 AR
T300 5ok & B, WA SR I N 3D T R A
4 16000Hz ., 7E A2 30 43 J5 T8, K 25040 A Bt L
X153 RN R NI AR Pl 2R 4R 40 5 106 T
LA, DR A 5 15 ST, IITZRAR 5 0K
LR TR E R TES , LIRS 50 00 TF 42 1R 5
W,

A R AR AL 14 5 T Python SE B, 76 g 4 RTX
20708 i . 32GB N £F . Windows 10 B iHEHL -
7o HR R 25 % ) Adam 516 #% , I 8F margin 1
scale 73 9 ¥ B N 0.2 130, & J EER, ACC Al
minDCF {E BRI BE A ITPAN AR i
3.2 XtLEEIEo

Kl 5 Jy fir $2 VSI J5 % 5 ECAPA-TDNN (Desp-
lanques % , 2020) DS-TDNN (Li % ,2024) . CAM++
(Wang %5 , 2023) Il SERes2BiLSTM (Weng % , 2025)
T L S, i A S AU I 78 A SCBUR AR T AT 25
A

584 EME, VSI %A EER FE{E T
4.75% .4.71%.5. 44% F1 3. 46%, ACC 43 | #E T+ T
3.98%.2.20% 4. 90% F12. 52%, minDCF 437 F %
70.04.0.04.0.30F10. 03, [K A 3C VSI Jy 78 4k
LT ) 38 28R A 1 R R TR I 55 B R EL AL
X A A VSTA] DS A SIS [l T B4 4 1 48 GURP Ak
X5, B 5 AN ] F- LA AR A RRAE e, I TE G
B, DR AT DA R T 5L SR I ) () LA R RRAE
TR,

3.3 B ERNEST

7E VSIA A b FPB . FEB . RegBs #l HolB 4% .0
B . AN AR St £ B FPB . FEB . RegBs Fl
Hol B > 36 UF F AR A A7 R0, SE g 46 2R n k] 6 i

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

14

12.94
12.25 12.21

10.96

EER (%)
=

6 T
ECAPA-TDNN CAM++ DS-TDNN SERes2BiLSTM  VSI

(a) SFREERR

ACC (%)
]
b
S

80 T
ECAPA-TDNN CAM++ DS-TDNN SERes2BiLSTM  VSI

(b)  HERHR

0.7 0.68

0.6

0.5

minDCF

0.42 0.42 0.41
04 0.38

3 T
ECAPA-TDNN CAM++ DS-TDNN SERes2BiLSTM  VSI

(c)  fe/IMaLH e %L

((a)EER;(b) ACC;(¢)minDCF)
&5 HFER G X e S g

Fig. 5 Comparative results of five models

7, Hh % Fe R 2B AR

i & 6 T LA Y, 4] L T 58 3 VSIBL RS | R
FPB, FEB. RegBs Il HolB J& , EER 43 il #& & T
3. 19%.2.05%. 3. 33% H1 1. 31%, ACC 53 Bl [ A% T
1.76% 4. 53%.2. 11% F1 1. 15%, minDCF 43 %Il 42 &
7 0.08.0.10.,0. 13 F10. 06, Atk FPB.FEB,RegBs
F1 Hol B A HXT VSIAL AR5 4 . FPB 28 A [FA]
FUBE X AR FRAE SR A T AL B, JRAS O Z i 4R IEMR R
FEB BE % 5 B R 4E 19 TUAR 15 B, RegBs AR ISl 412
NIRRT B JR S A AE 0 22 55, DT s R AR [ A4
PRI RFE 22 5, Hol B BB ARIBCRFIE i AT = WA 7
AR I 10, , 15 4 Ry £ BRI B 7, DA O 2 TR
PR FRIE Y 42 Jm 25 51k

12
10.69 10.83
~ 10
g 9.55 T
-4
=
| 8 7.50
6
%FPB %FEB %RegBs %HolB VSI
N=Ey3
(a) AFEHIRAE
89.97
90
n 88.82
. ; 87.86
&
& g 85.44
9
0
< m
82
80 T
%FPB %FEB %RegBs %THolB VSI
(b)  HEMR
0.6
0.51
0.5
0.48
& 0.46
a 0.44
.=
g
L. 0.38
0.3 T
%FPB “%FEB %RegBs ~%HolB VsI

(c)  Fe/AMEIACHT R KL

((a)EER;(b) ACC;(¢c)minDCF)
K6 VSIBLHA RS as
Fig. 6 Validation results of the VSI blocks

3.4 HEOHT

H TP IR RS B PR R AR O A Y 2L
P AT I RS, SR IR A5 R 3k 3 s, Horp
FPB 7R HUH T RRAE BAL SR B, FPB+HolB &7
FEAT T REAIE F0 Ak PR B RS AR A B BB
FPB+HolB+RegBs 2R/ (ff ] T R¢AiF Tl 4b BEUASH B K
TR AR RURE B F Jm) SR R AR S BB B . FPB+HolB+
RegBs+FEB KR 588 1 VST

3¢ 3, Bfi %5 HolB . RegBs 1 FEB S 4 A5 He 1) i
A, EER 43 BIFEAK 2 9. 37%.8. 36% F1 7. 50%, ACC
FET15 87. 02% .87. 93% A1 89. 97% , minDCF &A% 5]
0.39.0. 38 F10. 38 [ Il VSI £ A He X F A5 28 Pk
REX A PR

© h[E KR KL AR



Ak, AR, KEE, EEC, BIRE
& REFHERME 5375885 FkIRIR A

x3 HMIRBER

Table 3 Analysis of ablation experiments

[ £ 55 EER/% ACC/%  minDCF
FPB 9.41 86.15 0.42
FPB+HolB 9.37 87.02 0.39
FPB+HolB+RegBs 8.36 87.93 0.38
FPB+HolB+RegBs+FEB  7.50 89.97 0.38

TE UL B9 de (L

3.5 ARIBEBEEZEMNEISHT

T VAR B A btd e 0, Bt T R
B HE NI, Al AR R B AN [FER A
BV NEE Ty S Wil N R
3.5.1 EFEHK AT

FESERR R R, AL S G T AR /N T 35,
Ry Y AR I R VST T BRI R, 3 )R
FH 1s, 25 1 3s BUFEA SEA TS AU L, S50 25 SR an K] 7
B o

2400 3K 18 B R sk 2> BF, ECAPA-TDNN
CAM++ ,DS-TDNN Fl SERes2BiLSTM #5% AU 4 §g 15 2>
FEAK. X VSR UL, AT 3s B, M AF Ry 25 FlI
1s i, EER 43 51142 8 T 0. 59% A1 2. 55%, ACC 43 5]
FEAIR T 2. 20% 15, 52%, minDCF 43 32 55 7 0. 05
F10. 12,33 2 A Ry i 3o o 0 2 I i 35 R 3 i
WA MAGE Bt A R, BRI BB PR LA 19 A 305
BT Sr. FEAH FRH 42 135 o, VST
BRI R I B AR, 5 HLPERE 4545 X DR FF A X
FoE , UL IR B T AR Y | VST RE % T 1 1 &
TR B 22 (5 45 1 L, B VST RE A% 38 I A ] i K
(BB FEAS . IF HL VST ALY F) M B 48 Arbifi i 27 B S
Ak i SR AR/ L 7E 1s RN 3 37 5 T AT RE
PR AR IR RE , DA VSTAR A & et BT 47
3.5.2  HCRMEMGE RS 4B

J T VAR TEAS [RLRAE N A PERE , 2 Sl
FH 22050Hz . 32000Hz 1 48000Hz = il % A 2 %5f I 3%,
AR %) 16000Hz M X015 35 4T HR AR, SEgR 45 2R
El 8 FT 7R o

ATUAE Y5 SRR R A AR AL, 23 XA
RIAE S A —LE52 ) , fE EER #6545 I, VSIS AU AE
R FERTT BB (A R LT A X LAY -2 EER
AT A B AR 29 30% , 75 ACC 36 F5 b, VSIAR
RITE A AR AR T LR EE T 89. 00%~89. 97% 1) 1 i1

/

. ‘@ ECAPA-TDNN
B o: 4 M- CAM++
; 12 ] . .4~ DS-TDNN
= * ¥ SERes2BILSTM
= i ——

e V81

2
+
-

|

@
[N
4 ]

i S S

B s
(a) AFEHTR

2

- ECAPA-TDNN
- CAM++

-A= DS-TDNN
SERes2BILSTM
- VSI

\

ACC (%)
8 &
»g ¢ -
> e

o He

1s 2s s 3s
(b)  HEBIR
0.8
A&
0.7 4 \
_________-———'—'A
A
®: ECAPA-TDNN
LOL' 1 3 H: CAM++
(=] .\ .o~ DS-TDNN
E 051 + i @ SERes2BILSTM
) & ~- VSI
M
04 \0
03 ; : ‘
1s 2s s 3s

(¢)  He/MEIACAHT R AL
((a)EER;(b) ACC;(¢)minDCF)
B 7 ORREIEHE R BERIFE bR LS g 2

Fig. 7 Experimental results under different durations

S E R, AR R P X HE B AL R T £ 1. 5%, 7E
minDCF $§ b5 I, VST R (1) 50 (4 28 4 578 0. 36~
0. 38 2Z[H] , & A B A fe AR Y X [RIS L, i VST
hZ RAERA R N, RBUE MR, &bk
Bt
3.5.3 B E IS ESE R 34T

R T VA ARG g A i S BE R
WHRAR 1) MP3 it 73 51 % 4568 MAA \WAV FLAC Fl
AAC 1 G b, DAL B S R 26 v i g i ik . 1819
JER T ARl i 2T 25 AR A R 2 2

© h[E KR KL AR



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

16
14
r_____,_.—g\\ A
o —'_-_-_’-
= -/= = B '® ECAPA-TDNN
9 ~— ¢ B camt
e
o 10 \0’—/ -A= DS-TDNN
= @ SERes2BiLSTM
= 8 AT S Vsl
N —
6
4 ‘ ‘ ‘ ‘
160k 22k §2k 48k
FEEMz
(a) AFAHIRE
%2
91
T
'—__‘—_“W
~ 5 T————_, ‘@ ECAPA-TDNN
2 nN—— g B CAM+H
8] e -A- DS-TDNN
% 3———'—’" \‘ @ SERes2BILSTM
87
° - VSI
%] ® ./ \o
ss{ A—{ H
84 ‘ ; ‘ ‘
16k 22k o \32k 48k
KA Mz
(b) WEBIR
0.70
A
A
0.65 \‘-—"/ \
0.60 a
0.55 .® ECAPA-TDNN
6 ‘W CAM++
a 0.50 -A- DS-TDNN
£ .

/ '\ SERes2BiLSTM

0.45 ® ... VS]

¢ L -/0

e e e e
‘_——"—_"———"ﬂ

0.35

0.30

16k 2Kk 33k 48k
KR /Hz

(¢) /MM R 5
((a)EER;(h) ACC; (¢)minDCF)
B8 RIRISRBER T RS bRdh 5L 5
Fig. 8 Experimental results under different sampling rates
LA Y, 2o ¥ B i =X A A8 Ak, 23 0
R R ILEE T A — L ), {H 2 VST AR T 5
T e U R 1 Ok I AR T A A R A
VSIRERULEDE M 6 AR E AT X0 T HAB A B8 . 431
W, 7E ACCHG bR |, VSIRERLAE 25 Fh G i A =1 [ 45
T 89. 17%~90. 38% I = UM MERM 2, J2 i A3 5L v
ME— ACC FRUE 7F 89% LA I AR A | 13 ] VST #5541 75
IO X T G R AT P K TH e IR

141 a "
——= A—
]

n {2 \é‘é. ® .e ECAPA-TDNN
-~ Y -TDNY
B3 ./ \./. ¢ B CAM++
; 10 4~ DS-TDNN
= 9 SERes2BILSTM
H 3] e VSI

--——-'—_-—_—" *
\~—_*/
6
4l . . r v
M4A FLAC WAV _AAC MP3
fmAtE
() FhE

92

91

" / e, B
~ 89 E— ‘@ ECAPA-TDNN
5 * B CAM++
C B R—" i - M. i DS-TDNN
2 ’_—-—0____’ @ @ SERes2BILSTM

o7 ~*= VSI

® @
e T
-._\./o
A
A____-—-'A/ \A A
M4A  FLAC WAV __ AAC  MP3
EoEER
(b)  HEMR
0.70
A A

05 a— \

0.60 1 L A

0.55 ® ECAPA-TDNN
6 B CAM++
e 0.50 4 -A- DS-TDNN
k- ® 4 SERes2BILSTM

0451 o __-—-c—-—"".“—-—__s — @ -+ VSI

— /&u______‘-_—.‘-—-—__s

’ n—7 -

035 1 \ L el

030 L— . . , .

M4A FLAC WAV AAC MP3
AgHE

(c)  F/MEIACH KL

((a)EER;(b) ACC;(¢)minDCF)
SRV NE T[T SR W Rk T O e e e

Fig. 9 Experimental results under different codecs
3.5.4  iRE ARG RS I A BT

Sy ¥ VPAR R B BT R AR AL B R T L 4 AR
HE0.8.0.9 1. 1. 1.2 A7 i 8 I3t 3F 5 9 i 4, 485
LS PR EA 5 AT i H B0 A (A i iR 4
WE10 FiR .

T8 B 5 L1 40 2 DA 1 80% SR Y
JEE 28 120% i, 55 450 %) Wi 55 915 BB A 2 25 %0 L 8 & A
2P VST R PR BRAR IH AR F5E2E L &6 b

R IE S AR fR AR F /N EER $R A5 T IR A i R AE
© h[E KR KL AR



Ak, AR, KEE, EEC, BIRE
& REFHERME 5375885 FkIRIR A

7. 15%~7. 50% [ X 8] 5 [l , ACC 48 A 4 28 4 ¢ 47
89. 47%~89. 97% 1) X [A] 5 [l , minDCF 48 br i £ 4
FFTE 0. 35~0. 38 119 IX. 1] 4 [l 13702 i A 453 280 A 1K 1Y
XV, BEE TX i aiish e

Ptk
14
A
13 |
=>A‘<A é=5<?
e ‘\
[ ]
~n] ® ./ \’ -® ECAPA-TDNN
L TTT—e— B CAM++
z 10 A= DS-TDNN
= ¥ SERes2BiLSTM
Mo ~ae VST
8
7 '\“—./.—'\-
61— : : :
0.8 0.9 0 1.1 1.2
IR{EAE L
(a) FFESIR%E
91
%0 +
w‘_"'—_——.__. -__'"_-—._____-.
® [ ]
—_
—~ 88 .__\-/ '_———3 ® ECAPA-TDNN
5 * * L Q/ B CAM++
v ¥ A= DS-TDNN
Q ® ® & SERes2BILSTM
< 8 o h<./ “e- VSI
- 7 eyt
N 'Y
8l . . .
0.8 0.9 0 1.1 1.2
IBEEL
(b). MR
0.70 —
/A"—"‘—_._
065 ¥ L \
0.60 'y
0.55 ‘@ ECAPA-TDNN
LU" W CAM++
2 050 -A- DS-TDNN
E ° 4 SERes2BILSTM
045 ——e L S
3 g . :. VsI
0.40 * e~ M
[ | * - [ ]
—_—
0.35 1 sl *
0.30 L— I I :
0.8 0.9 1.0 1.2

11
IBE2EL
(¢) B/ R L

((a)EER;(b) ACC;(¢)minDCF)

B10 AR T R AR LS g0 4

Fig. 10 Experimental results of model under different ampli-

tude variations

4 &

hy f B T A RE TR 1 A A5 I G T X 43
AR B 110 A (7] 8L, A SC B 98 T ) 35 4 S AR 11 1
R UE ST 55 TT 8 T IR ARG, M T 1 [ 15 4%
AR ) T A PRR AR R VST, BT T —Fh 2 R
FROERLA 5 sh A s i PUIAESE . 7R 1440 F
BLA R 121 D FHA R B AR LAY SCae 45 S R0,
AR ST A S 1 R ERR RN S5/ RS DA bR B
Fe bR 35 8200 F A 7k i HAEA R EHS O]
SRR U s ORI (AT 8 R I Ar, i T
ARSCTHE T 1 A RO A . OB A AR
FIA Tk, VSLiE i 2 RO RHAIE il 3R i A 2500
TR 5 4R B SUE B il i sh A L
il 1 38 0 b R T 15 A5 A DG REAE A 3 P 2 RN A
SR MRS T, AT RE A SR AL T A [R] LA A9 41
TR AR 22 5 o X (A AR TR A A 3 R 2
Y5 TR AR R R B R B RE R SR 2
FRRE ST, R Th i TR AE w2 S B b A R R
PEH AR SR, IR FA J5 22 A0 S o 4R 0 T 2
B,

H 76 SEBR G N A RT 6 25 38 3145 b A AR 1Y)
Wit 52 M 5, N — A WF 0K B A5 OG T o] ik — 4
P BB AE B 24k 22 e T Bk g O M
Bk,

£ % 3L ik (References)

Xu Y X, Li B, Tan S Q and Huang J W. 2024. Research progress on
speech deepfake and its detection techniques. Journal of Image and
Graphics, 29(08) :2236-2268 (VFH#A 1, 256k, 15k R , B4k .
2024. T R PE O 1 S HAG I FAR BT ST e . o [ [ R I 2
2, 29(08):2236-2268)[ DOI: 10.11834/jig.230476

Hanilei C, Ertas F, Ertas T and Eskidere. 2011. Recognition of brand
and models of cell-phones from recorded speech signals. IEEE
Transactions on Information Forensics and Security, 625-634
[DOI: 10.1109/T1¥S.2011.2178403 ]

Luo D, Korus P and Huang J. 2018. Band energy difference for source
attribution in voice forensics. IEEE Transactions on Information
Forensics and Security, 13(9) : 2179-2189 [DOI: 10.1109/TIFS.
2018.2812185].

70U L, YANG J and HUANG T. 2014. Automatic cell phone recogni-

tion from speech recordings. Proceedings of the 5" IEEE China

11

© [ KR KL AR AU



12

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Summit and International Conference on Signal and Information
Processing [ C]. Xi” an, China: IEEE: 621—625 [DOI: 10.1109/
ChinaSIP.2014.6889318].

Pei A'S, Wang R D and Yan D Q. 2017. Cellphone origin identification
based on spectral features of device self-noise.Telecommunications
Science,33(1): 85-94 (21, FikiE , b fif . 2017. He T &
A AR IR AL R AE ) T LR B IRUA . AL (S R, 33(1) - 85-
94) [DOI: 10.11959/j.issn.1000-0801.2017019 ].

Pei A'S, Wang R D and Yan D Q. 2017. Source cell-phone identification
from recorded speech using non-speech segments. Telecommunica-
tions Science, 33(1): 103-111 (341l , E kg, B . 2017.

T W BURHIE A TR IR UM . rfE RS2, 33(1) : 103-
111) [DOI: 10.11959/j.issn.1000-0801).2017123 ].

Qin T, Wang R, Yan D and Lin L. 2018. Source cell-phone identifica-
tion in the presence of additive noise from CQT domain. Informa-
tion, 9(8): 205 [DOI: 10.3390/info9080205 ].

SuZ P, WuZQ, Yue F, Wu Q F and Zhang G F. 2021 Source Cell-
Phone Identification Under Background Noise Based on Low-
Dimensional Deep Features. Chinese Journal of Electronics, 49
(4): 637 (FRJbdh, kA, Mg, sBOT, SkER . 2021. A4
PRI T S5 R P T i TR R A 9 ALK SR . e 2%
iz, 49(4): 637 [DOI: 10.12263 /DZXB.20200658 |.

Yue I, Peng Y, Su Z P, Zhang G F, Lian C S, Yang B and Fang Z.
2025. Openset Source Cell-Phone Identification based on Feature
Interaction and Representation Enhancement. Journal of Computer
Applications, 1-9 (U, 323, 16 SR &, iR, i, Oy
¥k . 2025, K TR S AN RIS A 31 FALRIRIT 423U
i B ML A, 1:9) [DOIL: 10.11772/j. issn. 1001-9081.
yyyymmnnnn ].

Joshi S and Dua M. 2024.Noise robust automatic speaker verification sys-
tems: review and analysis. Telecommunication Systems , 87: 845-
886 [DOI: 10.1007/s11235-024-01212-8 ].

Desplanques B, Thienpondt J and Demuynck K. 2020. Ecapa-tdnn:
Emphasized channel attention, propagation and aggregation in tdnn
based speaker verification. INTERSPEECH 2020, 3830-3834
[DOI: 10.21437/Interspeech.2020-2650 |.

Li Y, Gan J, Lin X, Qiu Y, Zhan H and Tian H. 2024. DS-TDNN:
Dual-stream time-delay neural network with global-aware filter for
speaker verification. IEEE/ACM Transactions on Voice, Speech,
and Language Processing. [ DOL: 10.1109/talsp.2024.3402072 ].

Wang H, Zheng S, Chen Y, Cheng L. and Chen Q. 2023. CAM++: A
fast and efficient network for speaker verification using context-
aware masking. INTERSPEECH, 5301-5305 [DOI: 10.21437/
Interspeech.2023-1513 J.

Weng S L, Liu Y and Ji Mao. 2025. Effective Modeling of Critical Con-
textual Information for TDNN-based Speaker Verification. [DOI:
arxiv preprint arxiv:2509.09932].

Wang S M, Liu C G, Chen S'Y and Liu Q S. 2025. A survey of multi-

modal emotion recognition from facial expressions, audios, and lan-

guage. Journal of Image and Graphics, 30(6) ;21202138 ( L 3%
8, KB, BRI, R L L 2025, T EAE GRS A S N Z
BN IIUNZEA . T EEIREE %4, 30(6):2120-2138)[)
10.11834/jig.250168 ]

Qi J and Jiang Y. 2025. Enhancing Res2Net with cross-scale feature
assoclation and attention optimization for speaker recognition. Bio-
medical Signal Processing and Control, 110 (Part B) : 108219
[DOI: 10.1016/j.bspc.2025.108219].

Li M, Zheng Y, Li D, Wu Y L, Wang Y X and Fei H J. 2024. MS-
SENet: Enhancing Speech Emotion Recognition Through Multi-
Scale Feature Fusion with Squeeze-and-Excitation Blocks//2024
IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP) : 1-5 [DOI: 10.1109/ICASSP48485.2024.
10447232].

LiJ Wen Y and He L. 2023. ScConv: Spatial and channel reconstruction
convolution for feature redundancy//Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition: 6153-6162
[DOI: 10.1109/CVPR52729.2023.00596 |.

Wu H., Zheng S., Zhang J and Huang K. 2018. Fast End-to-End Train-
able Guided Filter//Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition: 1838-1847 [DOI: 10.
1109/cvpr.2018.00197 .

Guo XY, Yang K, Yang W K and Wang X G. 2019. Proceedings of the
IEEE/CVFE Conference on Computer Vision and Pattern Recogni-
tion (CVPR), pp. 3273-3282 [ DOI: 10.1109/CVPR.2019.00339 |.

Hong H S and Kim H. 2024. Implementation of Tiled Point-Wise Convo-
lution in MobileNet for Parallel Processing//2024 International Con-
ference on Electronics, Information, and Communication (ICEIC).
IEEE: 1-6 [DOI: 10.1109/ICEIC61013.2024.10457207 ].

Okabe K, Koshinaka T and Shinoda K. 2018. Attentive statistics pooling
for deep speaker embedding. [DOI: arxiv preprint arxiv: 1803.
10963 1.

Deng J, Guo J, Xue N and Stefanos Z. 2019. Arcface: Additive angular
margin loss for deep face recognition//Proceedings of the IEEE/CVF
conference on computer vision and pattern recognition: 4690-4699
[DOI: 10.1109/CVPR.2019.00482 .

Xu X, Wang S, Huang H, Huang H J and Qian Y M. 2019. Margin mat-

ters: Towards more discriminative deep neural network embeddings

for speaker recognition//2019 Asia-Pacific Signal and Information

Processing Association Annual Summit and Conference (APSIPA

ASC). IEEE: 1652-1656 [DOI: 10.1109/APSIPA ASC47483.

2019.9023039].

EEE

IR, 1983 4F4E , 2 Rl i , EEWF RGN 2
4 R4 . E-mail: szp@hfut.edu.cn,

Jie, 200044, 5 B WF ST A, BT SR 22 AR
iE, E-mail:2023110474@mail.hfut.edu.cn,

ol
BB R

© h[E KR KL AR



13
Ak, FHiR, KEE, EETC, #IRE
& REFIEME 53S0 RAIE S RIFEIR A

TREE 19794 B B0z, EEMMRCNTHEE L4 E-mail: %4, E-mail: wyf@hfut.edu.cn,
zgf@hfut.edu.cn, PRI L 1989 4FAE | %, SRS I, SE W 5 Uy 22 1A Py 25
K, 1996 44, T LRI BB Uy 2 RN 25 24, E-mail; zanghj@hfut.edu.cn.

© h[E KR KL AR



