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Fig.1 General pipeline for deep-learning-based sound source localization and tracking
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Fig.3  Architecture of CNN-based sound source location and tracking
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Fig.4  Architecture of RNN-based sound source location and tracking
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Fig.5 Architecture of LSTM-based sound source location and tracking

RNN i 2 55 1A 8] 336 U0 25 4y, (468 80 7 2 iy b 20 54 2 o7 55 R B Al T v BE 8 A0 P s s £ 8, A
T AN 5] 248 38 X P A7 A8 AR HE AT T 0 A . AR T 2 T B URR AT 19 15 25 07k, IR A5 M A M T
00T 5 A T e B R e R A 9 2R T N ) Al bR — Bk PR A S U 2 18 S B U I Bl A R R Y
Gy B KRR S

B WFIE R G AT 1 I T ARG 5 A e Pk 0 S . R SR B LAY 7 1) A T A, Rusrus %
ARGV T A FTR BE 2 2] ZE A A2 78 2l 75 R DOA A T b ity 3R B, 58 ok 4 A0 3 [B) B I5G , A p 2 MR s
TR R A 22 3 T8 7% 3l 7 IR B , >R AT RININOGE 3 252 I [R] T (9 STE T i 52 L 5 A 07 22 $5 AR A7 7 510 2 6L,



382 R EBLE Journal of Data Acquisition and Processing Vol. 41, No. 2, 2026

M it =R P U5 i gl ok A G B TR AE 6 1, S BN RS Bl A IR T ) B SR A TS B BR R . BIF AR (R )
SRR RN R AN BE AR S RO YRR D 52 R, O FL 8 T H A 22 2% A0 B 28 0 2% L K i [) A5 BRI
2% i8R T RRAE L PR 5 AR 25 S X Bl P U RS BE Y OGS T IR BE A I E R R S AR R R
TR SRR IR AL T HE S %

KM, Yang 2551 T — A B CRNN, 5% I8 ) ] 456 35 8258 ( Gated recurrent unit, GRU) %}
IPD J3 41 k47 PSR Bof e A, S ) P 068 378 3 3 i 9 ok 1) IeF [ SF- 0 e ik .l 2 i fs B RS
Bl A EAL, I 2% e 08 400 T TR me 5 R T | S A R I L AR AL 25 A T AR I TRD AR BE b O — Bork AT 4
THHe gl 75 IR ) 7 S S FRUE M . R alE e 2 H bR AR RSB S a0 Bl S, A IR B e Bl AR
JF¥s I8 B4R IPD gt i A IASCRIIE 2, 52 X 2 88 30 75 IR A 48— A . 1000 45 31 % TPD FH T ) 2 i
HERY 28 )5, JF 45 G AR DN 55 3 S 75 U550 B SR 4 g W {1, S 30 22 7 U5 A o A ) 5 i S R R . S
e 5 HAUE 5 LOCATA ARG 4 I IE 3% 07 1 76 W s AR R 2% 1 R 235 18 T SRP-PHAT &
il 2R T vk AR T RN 78 @A 20 28 7 5 03 7 1 i A 34 .

16 SELD 1T 45 H , RNN 5 AF 4 6 BURRIE 2 J5 A9 e e s A e, 1 3K 220 i s 5 0 ) ek [ 3 £k
s () B L o 0 Wang 50 HR T — T i A 6 U5 D SC AR A9 SELD 48 4% pR B0 1, B
K ARG5S 450 ) B 0 A7 00k D0 55 0 1) A 3, 91 51 Bl Bl 43 255 0 26 418 it 4 Jmy 5 00 £ 2 LA g o B
PE. 7E DOA 43 3 MR 8 th 1 3o 008 S W, R 75 S 78 A Bk D] — 350k ke o i i 0 45 L, AT IR B
RO 1 5 1) 05, 52 XS 356 3l U 1Y) % 2 BRI 5 IR I A 400 R BRI A L, TE AR IO, 22 /N ERCHE 45
TPLA R, LY DCASE 2022 Task 3048 4E L 3GIE T 3% 4 15 09 A 800, 85 R B R 8 iR 2 5K
DRSBTS 2 A T AR, O HLZEAS [ X 28 2 4 T B Rl al o — Beatk o SR % 5 R A E AR
/N ARSI B 0 Ik, 7R T A % 2 IR B S s iz AR BE ) v T — PR R

P — 2 Hb , Sato %[ £ £ CRNN-SELD HE4E F 51 A RNN I 3 # 45 , I 25 44 74 2 % 4% (Acoustic
power level, PWL )55 55 15 75 5yl 4y $HUSE Y | 2 900 7 U5 I 88 100 328 S ik 1, o 2 50 o o Bl b oA OB AIR T
PE B AR A AR B o AR G R RS ) PWL AR SR SE 50, O 38 5 [ A B R 94 2% (Adaptive sound
pressure level network, ASPLNet) 5 I Wi 1 11 % 4% ( Reverberation estimation network, RevNet) 43 Jil f
THB (8] 25 £k A T SR 2 5 s (o) 7 2= S50, M AR BUIR IR Sy s i 2 [ S IR R . LR A R S
STARSS23 FHLAEE 4 LI UE T J7 1 0 A RO 78 FL 50 3 55 v b 35 AR IR B A T H R AL R 1, SE s T AR
FE Y =Yk A SR R VR RE .

T AR ME RNN 76 7 50 JE S rh 5 32 6 B 3 2 [n]8sg ), 358 43 T AR if — 20 ok LSTM 1 i X 1 1
MM DG ZR 1 R RE 7 o a0 SCHR 66 1K /N I IO 2 i FH 1 4 UL A R A A 3 e P 1) BLER AR AE, O
LSTM X R iE J7 51 E 47 ST, 52 3075 U5 07 067 A 5 0400 A 10 o2 82 [l U A ot o 7 Je eF o £ MR L U0 D0 2% 1
T O AU 2 S IR B B S O T 42 99 96 1 6 AR E S TE R AR T LSTM 7 FeUaE By A 5
J7 18 AR

BT RNN 5 I 5B iR s A F # g 5h ORI Bk 1 i P B 6e 01 A8 A A
SCHRAPAETE#E— 20 R R 23 0] o B 08, AR SR B ST Al Je R 2848 Tt 2 J%is 3h 3 s T g R Be ) e T, ik
51 2 ROBE I ] AR uf 5 047 3 25 M il G, 9% A RNIN 76 5 832 3l A 3 45 00 T 1 e 32 BR A9 1] 31
Hok, 15 5 3 5z A RE R Bk G HE Ty 1, BA 5T R BT RNN 5 CRNN 764 15 H S8 808 18] A7 7
EEREVR 25 AR S G W B SE T | B W o o) s B T SR e, DA 4R i R R X B S 3 40 A AR A S
NEPE . BEAN , ARSI £ 5 PR ST MR TR N A PR, VA S R AR M T T A 3B
sl 5 AR T B BR[O, SR R SRR A . RS O RNN A BE SRS S 215 86 8
WS R AR 8 5 e O SUIE B TR B Al G F — 2P B T A IR A TR B s LR R
BV AT REE



Mo FATRAFINEREALERIRGR 383

3.4 ETF Transformer N FE R EM 5 R ER &N N A
B Transformer H 2 fith 5 1A A1 45 PR &0 20 #4010, — 7 35 Hy 22 J22 S A AT [] 1 099 2 BT ME B T I . 4
A ) 45 BT 2o VR R TS AT AN ST INAL EE A, IF A5 A T B X R AR AT AR e v AR B . SR
IS TR X B0 G AN 508 Y ] &, Transformer 38 2 e
UL AR OC R, (188 7Y R 4% JR 1 T R 2Z ] i A
Xt o s o 07 B O R L T A o R RO i)

3 #fi, Transformer 7] 76 Y1 25 B B 52 B 5 B2 04716
TE R 7 7 AT 45 b JR B A 1 0O R A B p ~
71 Transformer 78 75 I & A7 5 MR ER (%) 78 2 A0 & 6 Hm&I—1bZ2
iR o

I F Transformer [ 75 5 2 57 7 3% 1 4% O £ 3 BRI
TE T RE % 78 4 B[] i 16 P 066 5 A A 22 it 7 2% O 1)

{508 A R LR S R R T S A
AH 2 [14) 2 B ) (] o7 8, DTG 3 T 7 1) A 3 A 3 Rk —
M o HT B AR R R S B A B R Y A g
Transformer B $8 4 ZI| [mj 75 Y5 56 B+ (8] 48 1k 1) 4 Jeg 4
P, SR RRAE 5 R sh 25 55 TR 2 AT 5E 1Y R AE g
J1. [}, Transformer 3473 H 5 07 Ak fe T8 i V%
3 A b B AR K B[R] 8 Bl B R Ay R AR TN B
A TR RCR . AN T A R R T [%,&ﬁﬁm] [z;@ﬁmm}
B AN ] EF [0 it 6F 2 437 285 S5 A9 3 ik L O 7 U A A 45
0 43 5 R 16 A (0 B 3 0 4 78 bt bt
T Transformer (9 77 15 76 2 7 I8 SR IR K& 2 4= 3 _ /AN 4
BT P B A& R AN T

TEFR R E A 5 BREEAF SR T, 51 A Transformer 1
O S AL AN T AL G 6 LSS A, T 2 3R b
T K R IR 0] 4 0 AN 5 3 T 4 SR O B AR T I AN
B o AT R AZ B A CNN, Transformer i

A& L=

I 8 P 4% 23R UER I

Hma—f ) ( Fe—— }
| |

o0 4T ) R

SUNERES-SILiIN R Wy s B R N R e ) P 2l

4 JR e Z 0 A Y B 6% ] B G v BN ] 4 5 4 Jr—

28 T A ek . X — AR AR 2 LA R B @ @ @

ol 7 (A1 26 2% B B 1] 228 Ak 1 3 55 v e ol 28 {RUAH

A S T R B S A T K6  H:F Transformer (19 75 J5 58 7 5 B2 2 45 4

Fig.6  Architecture of Transformer-based sound source
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Sound Source Localization and Tracking Based on Deep Learning: A Survey

CHEN Zhe, SONG Dengao, WANG Yiyu, YIN Fuliang"
(School of Information and Communication Engineering, Dalian University of Technology, Dalian 116024, China)

Abstract: Sound source localization and tracking constitute an important means for machine hearing to
acquire spatial information. With the growing adoption of multi-microphone devices in applications such as
speech interaction, conference systems, and acoustic monitoring, the demand for stable estimation of a
sound source’s direction and position in complex acoustic environments continues to increase.
Accordingly, this paper presents a systematic review of deep-learning-based techniques for sound source
localization and tracking. Existing review articles have mainly focused on sound source localization,
whereas deep-learning-based sound source tracking has not yet been systematically reviewed. To fill this
gap, this paper presents a unified analysis of both sound source localization and tracking. First, the
fundamental problem formulation and the framework of traditional approaches are outlined. Then, from the
perspectives of input representation, model architecture, and learning objectives, the main lines of deep
learning methods are introduced with respect to feature design, network modeling, and training strategies.
Next, commonly used datasets, experimental settings, and evaluation metrics are summarized, and key
considerations for comparing results under different conditions are discussed. Finally, the reviewed
techniques are summarized and potential future research directions are outlined.

Highlights:

1. This paper systematically reviews research on deep learning-based sound source localization and
tracking, with particular emphasis on the technological evolution from instantaneous spatial localization to
continuous trajectory estimation.

2.The development of mainstream methods is summarized from the perspectives of input representation,
network architecture, and temporal modeling, covering typical deep learning models such as CNN, RNN/
LSTM, CRNN, and Transformer.

3. The performance advantages of deep learning-based methods in noisy, reverberant, multi-source-
overlapping, and dynamic scenarios are summarized, and future directions are identified, including
robustness in real-world environments, generalization ability, and lightweight deployment.

Key words: sound source localization; sound source tracking; neural networks; deep learning
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