%6 W R ¢ Vol. 53 No.6
2025 46 H ACTA ELECTRONICA SINICA Jun. 2025

NLOT3D: B HALMA T AR E S ik Ik sl 1y
=4 H AR IR EEA ST

BoOEL R INERY,RAT A AT Rk
(1. K RAAF B TR BEPE PE 2 71006452, KRR RRE 5 A TR REIF 5B, BRVE PG 4 710064)

W OE: AREFHRIKEN B ERGERIE T AR E R e B AR ERE 8 i RS SO IR AR AL
AR S AHLARRERE R BN AN B S =R B B TR A ST IR, B SRR HR IR S L e H AR
PR ER ST WO IR Y 5 . (B i K2 R BR T 425 ], AR RE 50 0 R =223 (B A 07 245 8, BRI TSR R
— R E SR EAT =GB MAZ 5E =4k B bR BRI AT 55 SO T B 5 10 A2 2% L 1 HLEGE SR SR AL PRAE A Jmy B, S fif
15 =4 BAR IR AT NG A . % LR BkER A SCEE R T B T A AR5 5 R SR 3l = 4k B b5 B 2% (Natural
Language-driven Object Tracking in 3D, NLOT3D )BT 5, I H € T % 107 (945046 48 NLOT3D-SPD. MAh , A SR T —
/37 21355 B NLOT3D-TR (Natural Language-driven Object Tracking in 3D based on Transformer ) #8124 78 g & 7 40 5%
5 SCAR B BS BESHFAIE , 75 NLOT3D-SPD $cdi 4 _E IS 1005 A9 SC SR 45 2R . AR SO NLOT3D AT 55 S {1 1 4t 4 BE i
B, IFEAT 1O L ECES S R AR, o — 4 B AR ERER G i i — 2D R R PR TSk

KB YRR =4 BARIRES ; B B ARERE s 285 3T s AL

ELWHE: LA HF S (No.S2024QNJJL0062) 5 K % K 24 v g 1 A% 36 AR BHAF Al 55 2% 4 00 % 4
(N0.300102244202)

RESES: TP391.41 MHERFRIRAD: A NEHS: 0372-2112(2025)06-2038-12

FE F 23R URL:http://www.ejournal.org.cn DOI:10.12263/DZXB.20241160

NLOT3D: Natural-Language-Driven 3D Object Tracking in
Monocular View

YANG Yang', WEI Hong-kai', SUN Shi-jie”, SONG Xiang-yu’, HU Hong-li', GUO Ke-yu',
SONG Huan-sheng'
(1. School of Information Engineering, Chang’an University, Xi’an, Shaanxi 710064, China;
2. School of Data Science and Artificial Intelligence,Chang’an University, Xi’an, Shaanxi 710064, China)

Abstract: Natural language description-driven object tracking refers to guiding the visual tracking task through natu-
ral language descriptions, and fusing textual descriptions and image visual information to realize the model’s perception and
understanding of the world “like a human”. With the development of deep learning, new methods in the field of natural lan-
guage description-driven visual tracking are emerging. However, most of the existing methods are limited to two-dimension-
al space and fail to fully utilize the position information in three-dimensional space, and thus are unable to naturally per-
ceive the world in three dimensions as humans do. Most of the existing 3D object tracking tasks rely on expensive sensors
and have limitations in data acquisition, which makes 3D object tracking even more complicated. To address the above chal-
lenges, this paper proposes a new task of natural language-driven object tracking in 3D(NLOT3D) in monocular view and
constructs the corresponding dataset, NLOT3D-SPD. In addition, this paper designs an end-to-end NLOT3D-TR(Natural
Language-driven Object Tracking in 3D based on Transformer) model, which fuses visual and textual cross-modal features
and achieves excellent experimental results. This paper provides a comprehensive benchmarking of the NLOT3D task with
several comparative experiments and ablation studies, providing strong support for further development in the field of 3D

object tracking.
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R (hyps Wips Ly, 6, dieg ) Ho by wap Ly 278 3DAER)
T OFTR YR TER A ., FORIREETR B
TERE PR T, DR 2240 205 22 2D -1
JEPEIR2E N 3D 25 (Al J@ Mk 15 2% . 2 BIIR A5 - i 2
REMAEFRANR 2, (D PR, R Z 3238 X
TR HEAT T3 . 2D JE MR 254045 2D AE (1 /N 3D
SZ Y 2D o 45, 2D HE Y 5 2k 3E 1 GIOU 3144, 3D
O 1B 2D FE 5 AL s 3 4 A4 3 A0 B R 0 LR
defifl . Bk g2 2=k (8) iR . 3D J@ kA1 4% 3D
HE B RUSE 18] AR, 3D 4 a1 (9) FiR L Lo R
T 3D loU 2E 45 5%, Lo >R MultiBin Loss 7E A 46t
RATFEREL Lo, T R0 AT R AT 2 A R

(laplacian aleatoric uncertainty loss ).

Lclass = al LColorCIS + a2 LCarCls ( 7 )
Lyp =2 Lo+ 25 Loy + 43 Lapy + A4 Ly, (8)
Lyn=Lgan+ Ldepth + L (9)

AN A SCfd T AN AY Focal Loss A IR E
TR L gy SV IR L BT (10) R

Ly=Lyp+Lsp +ﬁLdepthMap (10)

5 KI§

5.1 XWRE

NLOT3D £ 55 % o7 ) 4 S LA 45 T 36 956 5% 3¢
AR RN R RO 81) , B8 7 2 1 2 BBt 3 o At
8 1FRYIZREE 25 869 AT 51, S0 TEAE AN AE 4351
413 696 17 391 Z5AWATF 41 . SEIG v A 2 2T SRFIAN B 5
W 1x107, L AL AR S B AdamW. 5L 5 7E 2 5K
Tesla V100 32 GB GPU L4 7, YIZRJEIIA 304~ epoch.
5.2 iEfHIERR

SEI6 R F 328 (Success Rate, SR) F1K5 i % ( Pre-
cision Ratio, PR)O/E RIS 545, Hitp SR@IOU E/R7EA
[7] 22 FF Lt (Intersection over Union, loU) F{H T , ik F)i%

(5L 1 ot P 250 i 7 BSR4 L. P S R (Av-
erage Overlap Rate, AOR) H T4 & T A7 Wil 1) 3D 31 S HE
TR 5 B SR 22 18] 4 ToU B S A 1, S e 1 #5578 7
3D H AR E G I B HERRME . PR@d 22 718 i A i b 3500 e
5 ECHE FG SR BN T AR T d R UE S S TR
A3 HE IR TR AR AR TR] 45 TR 352 24 0 Bl 9 A R B 6 B . 7
BEI N RN i%%(Average Center Error, ACE) F 7Tl 1 1 I
[ 3D 343 FHE Hh Ly 5 5 B 190 SROAE Hhos 22 8] 118 - 24 1
ST AT 3D H bR A 7 b RS B L 38 e i SE A
Fabr , AENs 4 1 Mo PP A A A 3D A8 TS = IR AT 45 h
YR B
5.3 XIEE

R T AT AW H 9 NLOT3D 455, A S0
T — RGBS E , I AR VE AL A ST, 7 9 ) 4%
RS2 L NA SE AT IR, . SEsc g h [ 2 F
B F SCATE T 2D BEAE B D5 ¥ HE I ZSGNet
FAOA "™ ReSC"" D K TransVG 754 B o i) 2D 41
b TSR T o 3 5 1) S B AR IR SR I T 2
A LLSE P SCA TS S Y 3D B H AR ER B . L Ah, B
Mono3D VG Wiy 3D SCAS IR S 30wk, Hogh & R i
A RIRE AT DS AL T SCARHE T o BR R L X
B2 [] A SCHE Y Y NLOT3D-TR #E4T L8 2 % |, 43t
HAth S A SCASEIRY (G P i 22 57, T I AR SR A AR
A R .
5.4 HRHW

TE NLOT3D-SPD %4 4 b 47 1) S 56 45 21 4n
T2 . NSEEE5 T LUE 1, NLOT3D-TR [ AOR
H 66.39% , HAE A ToU BIE T 1 SR ¥ F L4 Abi Y,
UEB] Tz RIE PEfE LA T A X LUAR Y | X SE 4R A
U1, NLOT3D-TR Be#&A 2T H A5 1Y 3D 3 FLAE .
Hh B ACE 845 K 0.413 , (R FR (R iy 25 1R 55, 36
B X AR 3D A s A0 T o B . PR LA 454 B E
TR BAB LT AL 2P AR TR

x2 BEIBMHEER

Tk SR@0.5/% 1 | SR@0.9/% 1 AOR/% T PR@1.0/% T | PR@0.5/% 1 ACE |

ZSGNet + backproj® 36.64 21.69 39.93 42.69 30.58 1.137

FAOA + backproj® 34.40 20.22 40.53 41.28 30.82 1.072

ReSC + backproj®” 45.09 39.89 50.24 47.56 35.75 0.762

TransVG + backproj® 43.23 37.05 47.87 47.43 34.84 0.796

Mono3DVG?™! 55.81 4245 60.88 59.23 47.67 0.491
NLOT3D-TR 61.56(+5.75) | 47.53(+5.08) | 66.39(+5.51) | 62.48(+3.25) | 52.26(+4.59) | 0.413(-0.078)

Tie T ES ORI R PR R, | S SR (A S PE R R L R PE R R, FRIZRIIR IR 465 A R A SR AH L AR

DR AR TR .

SASC A, ST 2D PS8 IR 5 R R
B 5 7E SR PR #8482 B4 b 22 . X 88 )y ks
2D PR R 28 S0 5 B 3D i A, 15 i K T 4 TR

W RAR AT 2D T () v o . [R) 0  ad fe 4
23D 1 FHE AN HER & L, PE— A B R R AR fiE
SECR N L T Mono3DVG E1 3 Wil H 4% 3D 1 A
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A EEIH . [FEE, NLOT3D-TR i i £ 8 4
A ALHI S T SORME IR L G S G B LA
5 08, 3% 26 = 5 10 R A0 i A (o 5455 5 o BR R B

P 5 TR AR Lo A vk 5T B S i 2 7t
5.5 Wik

TE NLOT3D /£ 45, NLOT3D-TR £ 7 g ) 1 i &
HPERBIL A . i T o B XL b R R B TR (%) R R R, AR S
5 FH OpenCV "] WAL 45 I iF — 20 43 A LU AE AN TR
s PRI @ AT AL AN B B D 5% 2 A5 A
TE H bR B R o R vp RS HE FE B AR 1 18R] DATR AR
Fif A TR AE 3D 2 (] H ) PR 5 Ao AR S X AS TRl g Af5 B
B R, AT AARX LAl 6 Fr s
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ReSC

Mono3DVG
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IET7A) , TGRS, , SR AR OIRTE, T AREIRTT. AALRE: , AR EREEI35.1 mACE, JI7ET R,
PRAFIETIAE , HICER , BORERARM T AREETT . R, AR B+ L3, (8 43.9m , Pi0RFFIER
R, R, O . SR, BERENAL T AR TS

J

6 HELR TV AT ML SRR (€0 0 52 i) S AE ¢ € Y M AEE )

6 Hr g T AR B4 5 NLOT3D-TR 1Y A] AL
AR . ] Ak 45 5L 2 B NLOT3D-TR 7E 3D R 4T 55
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ASETERGRNT, IETEAR . A4k SE, AL ERE)H202 m
FIRLE, A FEERTH T, BATERN R —MEBORE. B R, AZEBE Gk,
BEEIN32.7 m, CONFEREAET, A AT

=3°, frTRAEE K . BT,

(a) KT 22 5007 S BR R

RS, —WiataR%, Ealm, KI13.5m, 2.9 m, & HIIEN 2459 mOAE , Ky, 9
P . BEERURAARS: , O RERBIEGL, MAiAE 44T m, PRGN, SIAMATRE . BEE RS
B, 2Lt REMBRE 432 m, BT T, KRS AT

(b) RIEARAAT 7E59097 S BR e

BEEEPS

RS, RAIWER —HaOERE, EHm13m, FK42m, F%1.8m, HEEAME62.8m, AT MM
Fovh By, IR RPN, SHuH B ORALE, AT, MTRENS T, BREIER. b
HVSRRHAT, IREMD B NS56.0 m, ZEMRPEEET, EMIAR, REMME N49.8m, Ry#l,
HIAEFA AN . R — i R ORI T, AT, CTRENL L, R,

(c) /NEVZER A 2 35 s BRER
7 HE% NLOT3D-TR 255 0] WAL s

S S B 2 MO R TR BRI PR RE A9 520, A SCBET T 2l
2 B AL NE B BEAT T I RS ER , S R A R Nk 3
N BRI AL ARy 2 R R G R B
N VR BRI r k) T ik fE . X 3R
W, 3624 B L0 T T2 i 8D 45 2= R RE 8 B AT A3 4 B
FI AR TR 5 1 308 AH 5 A HL 5 MR B JL AT R A, B i 4K
B B RRE, T IR ERAT 55 S A1 BOR HE R
R

(2) fif W S R A HE B M

fitp ) 45 30 3k 0T B g i ) R A A — 2P Ak
B, LA [l R 285 AR A A e 255 L1 o R B2 A 55 1) 17 i
HAWZFL W . AL TR SOR R (T) A5
AE (V) FIR BERFAE (D) 35 AN 6] W 47 e &, JF AT
TR S E, 45 RANK 4 PR . SH R, D-T-V Y
HEZ R 52 8L T S AEPERE . X R ET 8 TR B R SR
R B T T R R BT L AR Ak B 2 R, A BT
HA SO RS 2R S THELR R AR RE

R3 TENERERDREHEEEREXTLER

Bk JZH |SR@0.5/% T |AOR/% T |PR@1.0/% 1 | ACE |
HAREF L | L=1 58.45 63.22 60.03 0.562
IXERSE | L=2 61.56 66.39 62.48 0.413

BT RTIEER L=3 59.12 63.62 60.29 0.545
HAREF ML | D=1 61.56 66.39 62.48 0.413
IXBNARE | D=2 57.23 61.94 59.32 0.586

MR | D=3 56.94 59.82 58.06 0.591

TEe TSk FOR R e B PR R, | Sk U SR (B A B P i
T, I R 2 m o 1o 2 B 119 2% T A e 1
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W ENLEHR N — R S = e R T 5t
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LA SO SSRGS A SR G S RS & 1Y
77 PRI = et S AL %, B2 1 5 A
T B ARIE S A WK s B =4k HARERER (NLOT3D) AL 55,
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R4 TRESHESR T RER TR
fiE i A HE

SR@0.5/% 1 | AOR/% T |PR@1.0/% T | ACE |

Ity

T—>D->V 58.23 63.67 59.41 0.563
DTV 61.56 66.39 62.48 0.413
DoV-T 59.64 63.58 60.64 0.541

e TR FUR (T ES BORERE B, | 553k SR (LRI A A
TR, L7 R % 7 2 0 5 W 19 A8 46 T4 e £
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NLOT3D-TR 155 7Y 7545 B A6 W Jy 1w 00 T 30 AT A 7
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JUE A SO EE T NLOT3D AT 55 (0 8E 4 , B H 0
BRI IE AT LN, (H K 28 T AR AR A — 2 SR BR
T 56 NLOT3D-SPD B S 5o AR, Z R F = A
Ky, = W35 KA IR SRR 7 = 5, X &l
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