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RTMPose-BRNM-based Box Keypoint Recognition and Pose Computation
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Abstract: To address the low pose-estimation accuracy of box-shaped objects in occluded and general environments, a
method is proposed that integrates 2D keypoint detection based on RTMPose-BRNM with point-cloud depth information.
First, standard convolutions are replaced with RFAConv to improve the localization accuracy of occluded 2D keypoints.
Subsequently, the NATTEN module is employed to enhance the model’s capability in extracting edge contour points of
box-shaped objects. Furthermore, a mixed-perception convolution (MPC) structure is designed to increase the model’s
adaptability to objects of varying sizes. Experimental results show that the proposed RTMPose-BRNM keypoint detection
algorithm achieves an MPDE of 0.98, which is 1.19 pixels lower than that of the original RTMPose model. The improved
framework yields translation and rotation errors of approximately 1.32% and 0.96°, respectively.

Key words: keypoint detection; mixed-perception convolution module; RTMPose-BRNM; pose estimation

P BT SR EE N B 2 h R BEBOR, JUH Pr BEhACHERD LK 6 fif £ md SR SR b, RSV
FEVIR B AR B AT )2 B N AT SR AR R 6 1 H1E (6-DOF) L 4 fif 572 S B UM R et A1

@ H4TH : F XK E AR R (2022YFB4700400); [H 5% B AR RFHEIE 4> (62073249)
ORI E]: 2025-07-27; A& 1] : 2025-09-22, 2025-10-28; SR FHIT [A]: 2025-11-07; csa £8 £k H RIS H]: 2026-02-06


mailto:wangshaowei@wust.edu.cn
http://www.c-s-a.org.cn/1003-3254/10115.html
http://www.c-s-a.org.cn/1003-3254/10115.html
http://www.c-s-a.org.cn/1003-3254/10115.html
http://www.c-s-a.org.cn/1003-3254/10115.html
http://www.c-s-a.org.cn/1003-3254/10115.html
http://www.c-s-a.org.cn/1003-3254/10115.html
http://www.c-s-a.org.cn/1003-3254/10115.html
http://www.c-s-a.org.cn/1003-3254/10115.html
mailto:cas@iscas.ac.cn
http://doi.org/10.15888/j.cnki.csa.010115
https://cstr.cn/32024.14.csa.010115
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

it E RGN

http://www.c-s-a.org.cn

KA. SRt AR G B U AL R, R0 F IR TR
K 2 B B el Rt R SR Y iR R
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BEXT EOR ), AR SCER T b T IR B A ST
77 ¥% RTMPose-BRNM (box-oriented RFAConv with
NATTEN-enhanced mixed-perception context aggregation),
AU S ik 2D O AR, JEAE 3D G RTHEE
BB s IR LR B, FIH S 22 mE AL % R il 5%
(efficient perspective-n-point, EPnP) 5 %/ — itk
(levenberg-marquardt optimization, LM) 5%+ 5 &30
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[6] )5 (symmetric integral regression), LAFE T4 f f [A]
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B, AEORFF S PR RRAE R 0 (R, 5 N5 ROBERHE
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TR RS UE B, W15 € AL 5 RefineNet
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HPT R R A — B

ASCHEH ) RTMPose-BRNM F A4 /E LA 1) RTM-
Pose A 40T st

(1) B0 [F) S8 i JBE 4 51 & 1) DR B e 152 1R ] ) 2,
KB B 1 5R 5 A (receptive field augmented con-
volution, RFAConv) &1 Conv FrifE#5 TR LR, 18 5 5
RS T A ) T T DX 3 Fr) v SCHE T e

(2) ¥ GAU i A NATTEN #id, {d i 5018 2 &
1 38 VR R AL, AR AR I P T SR AR )RR AE


http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn
http://www.c-s-a.org.cn

http://www.c-s-a.org.cn

i H AR G N A

M S92, AT S 26 XA A 11 % B0 O Bt R A7 B8 U & P 4
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(3) Mk O P B R BB B iR % (mean
pixel distance error, MPDE) T %, $2 IR & B2 BF 51
(mixed-perception convolution, MPC) ##t, HUAX Ji 5
— 77T B,

2 AW S R 2D Al
21 2HXF[AEE

1 T AR B BRI, KA AR 8 R Ry
SN R B RV 5 O B o, ARG L AL A A
R, alE 1 PR, RSS2 R 3 AL (1) ML
AR 1 AT, BB 4 DRSS A 4 DI R
B (2) PLAER 2 A1, BB 6 RIS R R
A2 AP R (3) MR 3 A1, WE T A
ARIEHE R A 1SS S LB T 2 A
KA EBI, £ Eik 2 — 00T k% i,

I SISEPS I
ﬁ?ﬁa@%ﬁﬁu\ H!m 7 /// ~
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(a) (1) (b) 15L(2) (ORNE)

B o B FRIES 3 AL

2.2 3R SN RTMPose B &R
221 HEBRZHER G

1E 2GR 35 5o, BT ARPLA EA
I, xR R4 TC 7038 . 1T RTMPose ArifE %5 A1
FH ) 50 R MG, o 42 X 35 A 5 B S 2, H B
A OCHRE RURFIE A SV A% . an 18] 2 B, 18 5k
A 1) S Bm OB AR (PR ) R R & e R A
B, S5 MPDE (%1,

r

==
(b) — RS

2 EPERH AR A RIS
IR F 3 25 182 B R B RS Ok, #Ear
SR SR AR 7> B ML, R RE RIS B
R, o U R R AN R, 3 s i e 5 X

(a) T KIS

(o) ol F

A4 SR 1 O Bl A ) B HLBE 7, Y 50T RS A e . 2
(1) AREZ I ER BRI E A
At = Softmax(g" ! (AvgPool(X)))
Fyt = ReLU(Norm(g"¥*(X))) (1)
F = AypxFyp

o, AvgPool(-) N FHib Ak B E, gFFRIRKNA kxk
(15> HAER, k RRBRUILIIKN, Norm FxIA—4K,
X NS ERHE R, F s ST =
1B Are 5 78 ¥ J5 1 8 200 B A U B2 BT 1 A RRAE
Fp AHIESRAS.

MR (1), PN N2 B S SR i B AP IR,

(1) NG AR X 258 AvgPool(X), FHAH
g1 2 HAZ K, FIH Softmax pABACHE 53t Ak J5
G, A R Ay

(2) & XY RRE X B g R AT f X
OB R IESR R, X gP R OO I 45 RN Norm R ReLU
WS R, AR R OB U Fog.

(3) ¥ Are 5 FrpidAT FeE3RAE, A i e 45 .

RGBT E I FEFRN RFA, 366 RTMPose
) Backbone 514 1 ¥ A1 & 4.y RFAConv, fE4b
PR A (R P BLI, PRI R 2R S R R 1 5 850k
BTRHIEIRYE F IR
222 REERER SIS

£ RTMPose JEAERAY 1, 2% 42 2 (FC) 5 SimCC
k2 [815] N GAU, 78734298 N B 8% St 1 42 R
AR R, AR NARLES A THE S5 R 57

SR NAR B B2 R S BAE T T 0T N, &
MDA I B 5 00 5 g 1) 3 WA S0 G 0 3 X 3R, — 3
TEZ A AT AEE 2 5, B A GAU, SE&E ik
2D S RUARAR R BERRAR. NG ok 2 7, AT
GAU & ey 5 T 4130 B LI ) NATTEN! s,
NATTEN fUAE kxk Jaihda DN THR AR ), &%
TR TR, HESEIURE F IS B0 & AR B RFIE R &

B A, 105 NFHIE B RS BxH>x W= C, Hor
B A batch size, H f1 W 73 5| & f 58, C liE 4.
NGk el 3 NI 1x1 B, o0 R AR Ak
Query (Q)~ Key (K) #l Value (V). BfiJ5, neighborhood
attention fff HHEEMEH 0 5 H BT K Z 8] ) 51
AR, i _E AR B Al B (relative positional bias, RPB),
THEER B, Bt EE = 2) fis:
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Hrlr, ai()Rom j ISR i ANIEAER, B AT 5 3] AR AL
EiWE.

IS EEAMEZ T AR AR AT Sofimax I
Ak, B ILE XS R AR V) A IR IR AN, LALB,
H, W, ClIIE R [B], B 5 N 22 E B M 2 12 B0 25
(MLP) ¥.7¢, FJp NATTEN HCHER,

NATTEN 254K F AR R iE R 77, 40 T B 2
e, e bmE 3 pos.

Backbone

MPC —p FC —p NATTEN

LN }»{ mLP ]—»é

Overlapping
\ T

B 3 NATTEN 45 [&

(1) LN (layer normalization), % H4 A\ E5 34719
A AL B, ALFEN I TE T 1) )3 A, IR R = I I
g s, SR e R bt ae 1y, BAR 5
sk (3) frs:

LN(xic) = Y+B

Xie —HMi

1 C
in,c
c=1
1 C
o= EZ(xi,c_,ui)"'g
c=1

Horp, x; N | MERIER ¢ ANIEIE LS HE, pflo
ST EFIARIE 2, y FBIE 1] 2 2] B4R TR 7 250

(2) NA H R 530 B o B AR o 3 = 2 L, AR
FNMG AN BME R WA CRE B R — MR R AT
&, R 2 B R s s B R O X
R/, FR R 2 5 4 ) 0 R AR A B Bl kb AL R O
AL

(3) MLP N1 JZF GELU B b6 204 Ak,
I TE 2 FE AT AE L VAR ¥, S TR IE R IA B /). 4
B 5 5% 22 LRI NATTEN (128 2 12,
223 REBZEEH

£ RTMPose # x0OCHE skl (AL 55, AR
EAARESHAGIEEAERKRESR, FEOCHE AL
FREE BE R E SRR R 1 m WHAERET, 484
A R 5 VG N 5> 5 AR ER, T S T R HROGHE RiAY
hi 2x2 RER X, B AR A AL S U A ) B B AN
5], AH 7] F e XA AR TR R A T 2 TP SR B s 7 T
FEl 9 A [A]. fdi FH 88— 7x7 Conv HEH, 7841 5 7 i

Hi = 3)

Al

4

A DL [E] IR SR R & AN i B R S0/ BN R
H ARSI A0, I iTT 3 MPDE {H i & ) ] 3

N T TR He AN [R] RUBE R B R (1) 58 A7 75 3K, ok
MPDE {8 & 7 @, 2237 MPC S iR it 3 253047
533, W 4 s, 3 aldr 4 8 R 3405 43 3 (fine-
grained branch, FG-B). | F 3 GHL 4 X (contextual
branch, CT-B) 471 X 53¢ (global context branch,
GC-B). MPC ¥ NFFERI 43 3 24T 03, T ok 4%
TR A GBI B — S, FEEE R,

(D) X T 22 R &R /NE B S8 i, = 1A
2x2 B 4x4 fHE ST AT EF (deformable conv),
SR Gk Z M — AR R, BRI RLLE 5 ) 9 5E A 2 7
A E, FEOT RSB TIARE; T 3x3 AT
AR S8 75 2%2 X et — B &, RV
F# T ORFFF AR S5 FE . i FG-B K H 3x3
ARTEAERR, kS (4):

K
Fou(p) = Z WiFin(p + i+ Api)
k=1
Api = Q(Fin)

Hr, FORREE], K %R /ANERFE s 3, W A
B, p N4HTHRIT AL E, pr AFNGRURAERE 5L, Apk
A= MW, QN 3x3 G, A Apr.

Bi & BN+GELU, I # 4 3k 2x2 1R 3 i/ K5
RS A SAE B, PRIE 7 HE 4l R k.

(2) MFHE KRR L3, 6x6 AT TEHRTGH
OBE; 7xT7 WA BRI R BEYS, B K&K
¥ o5 NS T IEEE T, e kIR E.
FF-PL B, CT-B SR 5x5 Deformable Conv, 7E it

“4)
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HEA R FEE, 2By R % 9x9 5%, 5 FG-B
JER 52 B R A LA

(3) GC-B i Channel-SE F| F 4= J5~F 33th 4. A= B
WIERE; AT 5 FG-B Ml CT-B JE s & H A e i
SO, R 1x 1 SR A SR 25 (8] 3K A2 B 1) iy
T HTRMG R IAIEIR &, Spatial-SE J#HIT 1x1 HH
A A1 7 T B, DR SR i 43 SCBR AR 1R SRR, B2t

TG 5 TS, A5 471 Channel-SE 5
Spatial-SE it. iy SCSEBolck 5.

FG-B. CT-B #l GC-B 7E7H Bl SL46 HH IR I AR 1
Fi7R. FG-B 43 3¢ 3x3 5 BR800 RS % S5 R e MR 3%
BB HE; 7E CT-B 2030, 5x5 B RUE RS B 51t 5 & )
ik B AL T4, R GC-B [N 5 Al Channel-SE 5
Spatial-SE B P4 G5 L.

Backbone

MPC » FC -»NATTEN

FG-B DeformConv2d
(in_c, out ¢/3, 3)

Deformable
Conv3x3

CT-B DeformConv2d
(in_c, out_c/3, 3)

Deformable
Conv5x5

HBN+GELU]

GC-B SCSEBlock

(in_c, reduction=8)

BN+Si gmoid]

K4 MPC
# 1 MPC BRI Rl SE
H b T E MPDE FPS (1/s)
2x2 DConv 1.83 74.6
FG-B 3x3 DConv 0.98 65.8
4x4 DConv 1.99 612
5x5 DConv 0.98 65.8
CT-B 6x6 DConv 1.92 61.4
7x7 DConv 1.87 57.3
TREIGC-B 0.98 65.8
#BrGC-B 2.13 72.4
GC-B
X {4 B4 Channel-SE 1.96 68.9
X% B Spatial-SE 1.73 69.5

iR A S B B OB R X 2 R S () -

RFAConv CSPLayer

k=3, s=2, p=1

k=3, s=2, p=1

P e e A

StemLayer — —>» —> StageLayer2

*

StageLayerl

RFAConv RFAConv RFAConv

—P

\ 4

k=3, s=2, p=1 k=3, s=2, p=1 k=3, s=2, p=1

(01, 0%,

(0} 03,

“iR

NG, a1 A ML 3h AR A £ 00 SORFIE, il
BIERFIES 1x1 25 A0S it 25 38 16 540, 1\ 38 3
JHIE ¥ /7 (motion-aware channel attention, MCA),
FUEE 22 R 5 A 4R M T MR (B B A5 T, 3 s o
g, MCA fIiHE = (5):
F = (c(Wap(W\GAP(F O M))) O F )

Ho, o RN ILIBIE K IIETCERTE, GAP() NERF
Btk Wy FIW, A 2 A EERUE, o) GELU, o()
A Sigmoid ER%L.

2% b, o 51 RTMPose £ T, H v 4 H
RTMPose-BRNM, #1 & 5 fliR.

Biaaaas
o - O -II:I I !
ok oig I ‘i'I' <«— X-Axis
. . I HH coordinate
o e H | H

£)
C —— <«— NATTEN
§ 1w
of) I el
| E——
=T coordinate T
___________ HE
~o T
—> StageLayer3 ~—»  StageLayer4 MPC
A
1
RFAConv CSPLayer
» SPPFBottleneck —»————
k=3, s=2, p=1 k=3, s=2, p=1

B 5 RTMPose-BRNM %14
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3 &AWAE 3D A
3.1 Sk 2D KSR 3D X s
3.1.1 2D K R4 3D GBS E AR
M AR CUIRER 2D SS 8k s, {E4E ] EPnP
SOAE T SR FEARALAE X T S U ik 1 4 48, 75 2k 3L
R RL 3D R AL 40— MEE RN 2D BG4
B (u, v) RO B S5 IR BE AR B D(u, v), B H 3 2R
FAMLAR bR R P = A bR (X, Y, Z), BRI AR
X (6) Fion:
(w—cy)-Z
fr
_(v=c)Z 6)
- h
Z =D(u,v)
Hrb, A5 B RN R T IERE, oo 5 NEIHEH
ORI E.
3.1.2 REERH ST
T & A 52 O SRS ), IR B P A
SR FE R FEAR Z B 5 B sh Ak 2% . R ORAE A
THE R P, AR SCAE 2D SR8 A 3D S T T,
SRS g OB AR F AT S it I R
NI G X A 640480 £z I R TS AL HE, ¥4
Ja B BRI N R 55 2, BA (o, vo) N HO L 31%31
A3, A (6) THE SOk R4l A =, XA
ROER FEAG 2 (1 Jey i s 2=, A RANSAC 006 Jm i~ 1,
b, B/NRFEEE =3, BIEE p=0.99, RANSAC [15%
7238 X3 (7) P
ri = |Zi — (@X; +bY; +7) (7)

b, a, b, cHIEFIHSH.

RANSAC HyEBIME T RN E, LGN AR
A FMREE, HoE = (8) Fix:

T=a+bZ )

Hor, Z AR R IR FE HAE; ARYE A58 a=6 mm,
b=2 mm/m’. % /& ri<T (1R R AR A S K, #|K|<5,
A 8 2O R AT IR FE AN AT SR AL T, B A BRZ R
AL AN SIS
3.2 ETF EPnP BEA LM EEMNER AL ZENE

EPnP B35 T 3R M4 U8 FE AR HLAR X T & X ik 1)
WEAEHEBE R FI-FREAE BE ¢, BLiEH N 3D S8 AL bR
KR 2D S8 AR KR . URFEAHNLIN S ERE . W8 220

X =

6

WG WAL RS, Fikm B 225 R 5 t; {H EPnP
RFETF LRI A B, fRAE R 2, BTk — 2Bl
R ¢, /i LM B35 EPnP % A7 B S 80T

et/ et LM B IERI L EERE R F1-F
FHRE ¢, (F R R Z D, 7 (9) izt #2:
pi = K(RP; +1)
Mor = aremin S 1 — /P ©)
RT = argrg}tnz |pi - i

i=1
Horp, pife 2D BB s, PiJy 3D s (O SR ARBR R AR,
K NAZHE .

4 SR ER 550
41 BERESITEER

SEIG S S i 47 4E Windows 10 64 (L #:1E R4 1,
ff F Python 3.9 {E NFF R IE S . ilifFHLE N NVIDIA
GeForce RTX 4060Ti GPU (16 GB . 17) 4 HC Intel i5-
12600KF CPU FIl CUDA 12.4. IR A5 B A% 45 1 H
Intel RealSense D435 AL, SZFF 30 /s Wi, 73 HE% A
640x480 15 3.
42 EXMEHEESIFNIER

A STHIE K 5 BN R SR Bk, /N RST S T
K5 414K Ff DOD (desktop object dataset), HAHHLK
LR RS &2 K A SCD (stacked carton
dataset) VA FFEIE 4, KR HE AR CD (con-
tainer dataset), % & 9 28 FRUREHE, 605 300 2R 4R
HHEME. DOD F1 SCD o 5 1 #8737 il i B 6 Al
7 7.

E e

(a) SEEfE L (b) T (c) IRATEIL
Kl6 DOD %4 53 7~ i

-i

@ FHUEE () ' (© Tk
7 SCD HHEAEH 5 A~ 151
TEHE TR BRI 01125 YOLOVS il
W FEAR SR T B LR T 40% I g, K75 16248
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TREAREE, 19457 AL 43, HA DOD. SCD. CD
YA 5815, 5416+ 5017 3K, H-i% 8 6:2:2 Ll k4>
YIGREE . IRAEEFMIRLEE.

USRI P Ol R e, A B B AR
¥ AR AT N IR, DU RE RS KR, it 3 4
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