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Target object navigation method based on multi-feature fusion

BI Sheng’, LIN Huawei, and DONG Min
(School of Computer Science & Engineering, South China University of Technology, Guangzhou 510006, China)

Abstract: Target object navigation is the process of reaching the expected target object based on visual
observation in an unknown environment. In this process, it is crucial to find the direction of the target object from
visual observation. A target object navigation method based on multi-feature fusion is proposed to address this
issue. Using a feature fusion module to fuse visual features that contain the overall and local information of the
navigation environment and the text features that refer to the semantics of the target object, the method obtains the
directional features that represent the navigation direction and environmental features of the navigation
environment. And then this method associates the visual representation with the navigation direction, thereby
guiding the generation of navigation actions, constraining the agent to navigate towards the direction of the target
object, and improving the success rate and efficiency of the model's navigation. Experiments on the AI2 Thor
dataset show that compared to the benchmark model, the navigation success rate SR has increased by 11.7
percentage points, and the navigation success path length weighted ratio SPL has increased by 0.093; Compared
with current advanced methods, SR has increased by 2.1 percentage points and SPL has increased by 0.008. The
experimental results have demonstrated the accuracy and efficiency of this method.

Key words: target object navigation; multi feature fusion; multi head attention mechanism; deep
reinforcement learning
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P 2 BE R AR, 7E 10 J3 IR epoch il A LLik 3 £ 0 s 10 15 20 25 30

54% I SR F1Z1 0.35 f#) SPL, 17 [ s} 34 i) 35k v A 74

(Baseline) WA %) 26% [ SR 1%y 0.12 f#] SPL,
Vinet H %) 55% M Ih 3R FZ) 0.24 (1) SPL. A J77%
FIUSIGE FE B, 7E 150 J5 IR epoch 3 A S F)
B {E, T Baseline fll Vinet 7E 270 JJ I A %
AU SR EIRE P f (o 3X — 7 TS 38 T A SO TR
IERNGRRT S 17 lgs, 461 7RSI
ARLE, BT DA AE AT I o R Ak B8 2 B AT 1Y)
SRR U7, ARSI 2 RHE R A

#H/epoch
b. IR A L 2

K7 RS R AR

3.5 JHELSCIE

A IV S A AR SRR I 2R Bl S
1) BARE SRS A ER, R 2 s, &
SCVEYH M T RRAIE R A B E 1 encoder. decoders
WBERFAE . 7 MR 5 30 45 iR A 4 J= 4R AIE 1Y)
YEH .

x2 AMHRMSIESER

ALL L=5

fH Success/% SPL Success/% SPL
encoder 72.6 0.447 63.7 0.426
decoder 712 0.435 61.6 0.413
IRBERAIE 67.9 0.412 56.7 0.389
J7 A REAE 66.3 0.412 54.5 0.375
JRAEAE 7.9 0.011 2.5 0.006
4 JRFHAE 69.8 0.433 62.1 0.420
ARITT 74.3 0.457 66.3 0.442

encoder: A T A5 encoder WX 25 X 455 1Rk
HIsZm, A SCE R R RHE R decoder, £ FR
7 encoder PN %%, FHHN T decoder K E%, R=
PREFB SR — 8. LIRS R AT A 512
K FE SR F#{K 1.7%- SPL F#{% 0.010, fEffEK

FE KT 5 SR F#1% 2.6%+ SPL f41% 0.016, T
G T encoder IR HH R AR T A1 HOAS B AR
IR SCIRARFAE, §2ma 1 B i S PERE

decoder: A T A5 decoder W 2% X 455 7R K
Bz, 4 BARFRIE. S8R 2R R E A R 0
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YRR, 37 decoder %%, FF3INT encoder A& W T B bR T TS5 22 i I i PR AR 1S HLEs A

MEH, RERFEMSHERN . LREREE
W 7E iF A5 % 42 K B b SR P& MIK 3.1%.  SPL &A%
0.022, TEEEEKE KT 5 SR FE1K 4.7%. SPL
FEAIK 0.029, XK A5 1) encoder Al decoder
BRI R T ZHRHEZ AR .

INBEREAE: T A 36 B 58 R A X T B N
FI52 M,  decoder 3 73 A P S £URF E Bk &5 31 4=
JRFAE AT H FRRFAE b, RRAE A B U E AR
FRfE. SCIREE SRR, TEABAKEH SR I
ik 6.4%. SPL [%MIX 0.034, 7EEKAZKEART 54 SR
P41 9.6%. SPL F#M% 0.053, RNk T IR EIHFE
XPURTHIRE SN, s200 7R T B AR T A
SIS

JETAVRFIE: R T RS 5G7 TAVREAE ) TR AR 5 1)
520, decoder 573 A SCA TR B AR RFE R 45 2 4
JARFERMSHURFE L, RFAE RS H g H A 5
fiE. SEIGEE SRR, fERTABAEKEF SR K
8.0%-. SPL [#1ik 0.045, TEES#EKE KT 5+ SR
F%{% 11.8%. SPL F#1K 0.067, R AHE T J7 4
TERIFRE], BTG SRR o 2 A I A 1
(1R

JRERFIE: AT R SR SRR N T AR B Y
SN, AR TOREAE SR BB B 4 ER) AR A 5
4y, B e R IE RN encoder FHAE N EEE X Hr
decoder FIl H ARKFAE . 7] % 3] FIS R L& 15 21
J7 I RFE AR R . LI A5 AR, ATk
S8 o IX LB o) SRR AE BT R AIE R PR 55 Ok 8 1) SR R 4
AE BX T 2R B EEN.

A JRHEAE: DN T ARG A SR RRAE X T AR FE I
SOMA, bR T OREAE B BRI B b R B B A SR R AE
5%, decoder #8734 SCAS FIKS 4 JR RFAIE B 25 31 ]
SIS HFIEA HFRRRE b Seob sl R, 20T
2K SR £ 4.5%. SPL B#1K 0.024, 7£
PR T 5 7 SR FE1IK 4.2%. SPL F#{i 0.022,
BT8R T A JRRE, BN T AR S AU B
SYTEFRBE BT AL A B BN RE ST BRAR T, SR
KoL T B

wmE 8 fas, ot gk (Ours) Ak
223 WiIZ% (no_pretrain) R B 7E I ZR ik FE A 1)
SR K E R SRR BE epoch 17481, K&
I PN SRR 2 3] 3 P A S FE R L e g, &
W Th R A — BRI B S A AR R . X

TEA BRSO A e 2 A (5 B &R A5, MM
B B — AN IR SRR s BI04 SAEhE
M JE RS HAER, BN ANRE Bk, X
Tl 9 18 A5 AR B B MK AT B0 5 AR 45 SR Bk R K
H2ZBN—NHB SRR Ak, AR RRAE
il A B2 BL £ )2 Transformer W 25 4 3 44 (1) 45
Yo, 1z ) 3R IS R VAR R T )
PIAN AL B 2 (AR AR B AR G &, XA A5 45
RUTEINSROR, fH A 75 50 22 40l R IR A h 2% > iX 2
W OE F . BRI, I BAE 52 Rl 2 ) R AR
S5 2RI, REAE Rl A AR tH (0 T IR REAE AN IR SR
TEAREAR T AR L IEAA B 77 M AR B B, R8s
S 1T T SR 5 ) AR TG A B ROE R ) 3
HE

0.8
0.6
[~
w1
041
02+ — Ours
no_pretrain
0Llu . . . . . . |x10
0 5 10 15 20 25 30
4% /epoch
a. W%
181
g 16
z 14
< 12
% gt bR AT
2 10
=
ﬂg’ 8
2 6 — Ours
=gl { no_pretrain
X . . . . . _x10°
0 5 10 15 20 25 30
4 %/epoch

b. FHUE K
K8 s S ifEtr i

A SCE T R RHE RS B Head (HEE
773%) . Encoder F1 Decoder = H % & K 1) & A A
H] Transformer 224 . 3£ 3 M 45 11X L8 52 # 1) 1
Ae. PTLOWER|, YA EECRZ R, AIELiER
KRR . 5 —J7 1, BARA D& Mg
A2 I R A B R I M 2% e ) R AR AR A
FRE. HBRAE 8 EHEE 12k, 2 /2 encoder
12 2 decoder B B IR 5 = o
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£3 T ES#HH Transformer FIXTEL

Head Encoder Decoder Accuracy Success/% SPL
1 1 0.710 70.2 0.423

4 2 2 0.712 73.0 0.442
4 4 0.714 72.0 0.419

1 1 0.710 70.1 0.432

g 2 2 0.720 74.3 0.457
4 4 0.715 72.8 0.421

6 6 0.722 73.2 0.430

4 LERIE

ARCHH T — M BT ZRHERL S 1 H bR ik 5
RJTHE . &7 EAE 3 AR, RS BB A L
A R REAE XS RE AN BRI AT A =y BN s R EUR T RFAE
RETYLEE N BRI R X, T 5k 4H A
WEE; R EHARRHER THR B sk, B8 His
VIR EIE XAE B o REAE Rl A UK AN [F) SRR R REAE
BHATRLE, B EATRERETE [F] —4E 5 18 s (Al
BAT R HARE G SRS 2% ) R i sk ) B
%, WL NARYE B — 0 17 )RR AE IR SRR AR S L
R SUE BRSNS R, A
[F) PR 858 T BE W LS i A i b R 2 B AR ik . o,
5 AIE A AR HL I I B TH URR (1) Transformer 22447,
Rl A B AR AR SCA S AE RO AR S W 22 B G R E 1S )
RiJT e SREGEE BRI, AR R A R g il i
P AL SR H AR R 1 o kR AR H bR
YIARTT L, R SRR RRCE, £ HR
Y TR T T SRR e RE . (ARSI H AT A
£ AI2-Thor i & R iE 4T 7 SL08, H B B2 H4E
L FAT BONPRUEAL, ANBEE 4 SR SE AR v
IR B, KRR RIS AR SCHR ) R
BT B Z PR R e MR LIRS AT i — 2P 0
WE, FEmALE RIS EAA, HT AL
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