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PE®) = SinusoidalPE(AP ") € R *din*Pmode, (28)

Hrp Line()fCR &M e, SinusoidalPE()VRFEIETZ AL
BTD. AR E gD A R S
PE!) =PE!),+PEY (29)

local sin*

SR OUUEE 4 fS BL A RE OR B 1 MLP 2% >) BRI AE 55
Fpsg LA, SOEIE IESZgmig iR it 133 E w1
(U

232 ETLZLEZHINRBILAR S

TEPAF AR AE RO B0 J5, BATRA 2k 1E
B AIHUIBEAT SR 30  UTHRHE R 4, B SEE T- %
HRBAFEE (I 4 B 0. 2, BRAT DI e AR EQ O A E A
FEihI(Query), F RIS (AP HURHER S = F() +PEY),
1E N8t (key) FIME (value):

~ () : i en en
Q = MlﬂtlHeadAttn(Q f‘n)s’ Fknn’ Fknn)’ (30)

QY = MultiHeadAtn(Q, +Q ), 31)

Hrp, MultiHeadAttn() 8 2 S & FIL, REHS [F] I ¢
FEZ AN U723 8], SHERAN R RUSE R = 8 LA 2K, 3
B ZEERAE A4k, AT CRRHE ST A AR E
AR 2 VAt B A Iz 12

233 FHE—f52RMEN

T KA R LS BN B O SUREIE R, FRAT
K RFAIE 26 14 1 1] (feature-wise linear modulation,
FiLM), AR¥E S = WA RS THE S H S B R OG5
RUAHIE. BART S, X T 40 b i s, 20410
HRIHMEP,, € RV ARG &E:

u,=Mean(P,,) € R’ 6’ = Var(P,,) € R’, (32)
sglobal = Concat(up,ci) € Rﬁy (33)

o, Mean()fVar() 7 MR IMER T ZHE. A5,
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[Y’ B] = MLP(sglobal) € Rdmodel. (34)
)5, N FILMiE i)
Q) =QU O +y)+B, (35)

Hrp, OFRBICERAMI, XA FAF AL A4
PR RS R B LA RO BE AT R RUSE B 3 7 3 17 28
SR UL, St AN (AT UAT AR A0 5 e .

234 AR EA

SR A SR S T LA JEARER T S5 =) i L AT S AR A
Rk, (ERAUR LS B A LU A [F 45 2 [8]
FIRAETEARAA. 9 T E AR AT SE BT AR, &
i B AT S BI R LTS5 RS B N EATE
SRS RVRFIE A 42 R T 2 A

Q42" = AvgPool(Q')). (36)
RIG, TATE R EAAE . A RSV — L5
AT RS

Q) = ReLU(MLP(Concat[Q ), Q5" + Q). (37)

EIRPIH B A FOVFOCHE R B IE R ok B 4R
Ja FR) JE B8 U ART A AR A O 1 LAl S B a1 42 JR) J L AT £
B ESEERE, TR A BERR D, B Eid
AR R .

3 BRI E R & H RS A

TESRAR S LT IR S G I, $RDPDN e g
773, BAMEFMLPAQ,, T Sttt P € RV
INOCSALFR, I8 o ik 20 5 it pit G %of B 5% &R B A 4
IV

PZ;)?Y = M]“P(Qins)’ (38)
fpose = Concat[Pkpt’ kat’P Z;;S’ Qins]’ (39)
R’ t’ S = M'LPR(fpose)’ MLPt(fpose)’ MLPs(fpose)' (40)

H 20725 DPDN L A i oD &k
TR WERE, 1 BHS-Pose ™ Hh 1 7 3ROR TR A A A
P IE T SR ZE TR . BEARAUR R B T
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Lall = j‘1Locd + j‘2L¢/1’iv + /13L
e

2 4L pose
entropy T 6L heamap> (41)
Hd, Ay Ay Ay Ay sy ASEHESEL, H T P4 — 0011
wEk. NFL,,,, WORMMEHLSK, L, =
HRg,—R”2 + ”tg,—tH2 + s —SHZ. AT 3@ 3 A8 B AH
R, tg. s A58 RPE FEAIHLAS )T B AL AR IR )
NOCS R4 KB R P, INOCSAFR L. X T
L e TATVEFUTL FSmoothL (), A0 T:

nocs

1

L —

Pipt - ”sgtqugt(Pkpt tgt)» (42)
L, pes = SmoothL (PF), P0). (43)

RIBR TR ERMBEASRE, Hp
MaskRCNN()F T-ifiiTMask R-CNNU3k 7551 54|
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Bge, 1% JEN, A S RIRGBENR 1) H A7 4L Tm-
ageCropfR fERGBEZ i 47 EIMR & 3Y, MaskProjec-
tion B 7544 X G HEAR 45 52 B VR FE B A DASRAS X B 1)
X4 7. DINOV2# /RRGBE G EHLE 2, Point-
Net++RR m o FHEFEEUEY. GateRon [ 142 HLH], CA
FOREERSTE R JIVLH], Concatf QAN 4G IS 4
75 34T 2, SinusoidalPEZR /) IE 5% 4w %, NOCSPre-
dictorfllPoseEstimator 7} 7l & 7R NOC S T #5 1 145 54k
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T ATTECAMERA2S HIREAL275 308 421 145
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TRA ST EA & RS, S e MRS,
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F 1 BT ORI AN DL A T I A
Table 1 Overall workflow of 6D pose estimation of category-level
objects based on key points enhancement

BT I B R 9 SR R IR 6D L A i T i B AR

L A\: RGBE {41, FIVETE 14D
ffitk: PREDLA
B JeHLE IR

1wt {Bn}";VZ"I,{cn}‘:'j1 = MaskRCNN(, ), 3 53]

n

2 forn=1,2, -, N, do
3 I, = lmageCrop(B,.1,,,), H bRk By

4 P, = MaskProjectionM ,, D), R BE T LY
5 F, =DINOv2(1 ), HArFIBAFAESRI

6 P

7 W, W, = Gate(F,, F,), FIER i =TI

8 Q) =CA®F,Q,).Q., = CA(F, Q). WHIAIERS
10 JBRE10)~(13)FRIA RS RS AP,

U1 AR B 40 A 3 A KB B 5 M O A0 s 5k )
12 PY R ARHUE AN S AR 5 AT

14 PE!) = SinusoidalPE(P, — P|.)), HiXf L B iE524
16 FO = FO L FO kR A B

18 QY = QU O +y)+ B, R HHFE & T — 1k
20 QY = ReLU(MLP(Concat[Q"”, Q*"") + Q).
B BAAhE

22 {R,t,s}, = PoseEstimator(P, ,F, ,P ", Q, ),

23 end for

F, = PointNet + +(P, ), Hi5 sl = FFIESRI
1

9 Q,. = Concat(W,Q\ ,W,Q" ), Sffil i i 3K
2B Bl KB R UATRHIE R &
13 PE}), = Line(P| — P ), AR B 42 4t
15 PE!  =PE!) ,+PE" el SR ALE MDA
17 QY = CAQU), Fy. ), KM 155 MR IE R 5
19 Q¥ = AvgPool(Q,, ), < ML 42 7 T Hb ik
21 P,7 = NOCSPredictor(Q,,), NOCS % [ 5 i Fil
24 return (R, t s} :’:01 .

TH 3 950%F175%, KIPAGDIERRESFR ), ES
FRTBUEH AR . FRATEfE S B SE R
P 22 SR VPAk A TF IR e 3 RS, BIE 20 A5, 100,
2 cmAlS em. BAARKRUE, FRATE A IR e f-r 2 5
EH A RV RS T PERE: 5°20m, 5°5cm, 10°
2cmA110°5¢cm.

4.3  HEEAAY
KT ATFLEL, A4 B Mask  R-CNNP73k

BOor B HEAD . R AR 4 B T4 BB R Y IR T
192x192, fizH i AAINEE B 1024, X FHAL 5,
FRIE4EEC = C,= 128, C=256. i S ERE
NN, =96, X THURRET S, K
H A RE B B Nth, = 0.0181th, = 0.1, HHA, A,
Ay Ay As ATAINT0, 5.0, 1.0, 0.3, 0.1, 0.01. F&A']
FE A B B8 A B ST AR AR IR, DU 7
REAL275 EgbATVFAS; TAXAE & a5 B I gAY,
PUEIECAMERA2S FaEAT VAL . FATE H BENLF- 5
At ~ U(-0.02,0.02) FIBE AR i As ~ U (—0.02,0.02)53
ITHAE I 5, XAl R BE LR B, e AR
MU (0,20) %4, Il Z5k5d 724 FT ADAM Ak 2891 25
AT LS, IR FH2e > ~5e ™Vt Bl P9 1) = A i 3F 2 =
FAF RN, BT S HAE —HRTX3090GPU L 34T,
—/MLIR ) R 40.

4.4 5AUHiEA S Ty i B AR

K JATH 7785 HoAl S 3k B S R IR 6 DL A
it 7 /EREAL275 5 CAMERA 2S5 58 45 AT %F
b, F2RoR T IRAT T A AEREAL2 75504 4
S HAMMTE TR E B X b, AR A
fabr. g8 REIR, AT IELEATA Tabn AR Tk
FAIISELL I AG-Pose™, F ALEERZ Odiahs BT 2470
FUABAR TS S0, AT 7 5A 24T TR B 56, A
RURT ARR A 224 1 S5 Zhas 4. HARSR UL, 78 5 "™ 4 1)
52emERARNR L, FATHIIT NS LA H59.5%, Hhik
AR RS BEHR 502,57 B 40 R, 1E10°2emE B dhs b
PR HERARL SR 1 1 3.4 F 20 s T HIRA T T A T
Fabr LA AT A TR R 7%, BT 5%
TERIT I, FEBT M H5°2emE T dabr b, AT 7LD
IST-Net"), Query6DoF[4]\ SecondPose™ . AG-Pose!”,
GCE-Pose"” FISpherePose™ 4% HAh 1 75 77 143 B2

Query6DoF ™) H bz & 2 5] — 4L M i 5 WA R X%
WRAEH, WD T 3 37 SRR DA ST S A7 3 4
XM R, SRR, TATT S 756 R
B r BTN G P AR I OSBRSS DL S LA Rt
A7 A, DA ST R (e 5 B A O R 5 B I BEAT
BT WATTERETERER M T U1 B AR
DIRODE AT R E M. sk, RAVELE
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CAMERA2SHEEE FIGE T T2 7 iEmafe kv, 4n
3TN, IR N E R bR, AT T VEAE
BTz O fa bR LRI

4.5 WAL R
AT T4 B AT T e T AL,
F2fE3 s, BRI, FRATE B S8R A s
WA R R N T FRIGIE, FF ol AL AR i T
FATEEREAL275 88 5 K BRATH 7k 534
J7¥EAG-Pose ™ BEAT T AT AT LE, W El4 R, G A
214073 AR 2R B S i FOHE AN TR 320 FEHE, VR W5 i HE

£ 2 ANFTJFEFEREAL2TSEIEE E 158 B LU (BT %)

WA NAEEZE LT, ATARAG S AR B IRAT T 75
TR TIRE FE DT T R I . EISHIRAT 7 iR AE
NOCS 7% [i] Hh JI ) 5% £ 5 4 2% 77 TR AG-Pose!” [
T gE RdkAT TR AT R E R, KRB SRR
NOCSREMATH OIS, INROILOHOHEE
PEBRIS, YOCHE RS EBRNR N0, AERER
0.2. WIESHIR, AG-Pose!™ =25 S i A7 AE 85 i
NOCS R ZMAIL S MR o5, 11 FATH 772 T
()5 R 355, R 22 AR KL/,

BEAh, FATEREAL275 K SEHHEHE N CAMERA2S
A A B R IRATT P 5 H U7 R 1P 2 KG BE (mean
average precision, mAP)7EA R BH _EFEAT TR HTE

Table 2 Quantitative comparison of different methods on the REAL275 dataset (unit: %)

T RBHRREL ToUs, ToUss 5°2cm 5°5cm 10°2cm 10°5cm
Nocs'" x 78 30.1 7.2 10 13.8 25.2
GPV-Pose!™ x - 64.4 32 429 - 733
IST-Net™” x 82.5 76.6 475 53.4 72.1 80.5
Query6DoF™ x 82.5 76.1 49 58.9 68.7 83
SecondPose!”’ x - 49.7 56.2 63.6 74.7 86.0
AG-Pose!” x 84.1 80.1 57 64.6 75.1 84.7
GCE-Pose!”’ x 84.1 79.8 57.0 65.1 75.6 86.3
SpherePose!™! x 84.0 79 58.2 67.4 76.2 88.2
spp"* Vv 773 53.2 19.3 214 432 54.1
SGPAP"! v 80.1 61.9 35.9 39.6 61.3 70.7
DPDNP"! Vv 83.4 76 46 50.7 70.4 78.4
Ours x 84.1 80.4 59.5 64.8 78.5 85.9
£ 3 AFAFIEMECAMERA2S K4 F € & LR (AL %)
Table 3 Quantitative comparison of different methods on the CAMERA2S dataset (unit: %)
Tk 5°2cm 5°5cm 10°2cm 10°5cm
Nocs! 323 40.9 482 64.4
DualPoseNet'™ 64.7 70.7 77.2 84.7
GPV-Pose™ 72.1 79.1 - 89
Query6DoF” 78 83.1 83.9 90
AG-Pose™ 79.5 83.7 87.1 92.6
spp"* 543 59 733 81.5
SAR-Net""! 66.7 70.9 75.3 80.3
SGPAP” 70.7 74.5 82.7 88.4
Ours 80.8 84.6 88.4 93.6
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Figure 2 (Color online) Qualitative results of predicting poses in 6 real scenarios of the REAL275 dataset, with the red line representing the

predicted value and the green line representing the true value.

B 3 (M4 ROR B ) CAMER A2 $ s S AN )37 55 rh AL A B E VR S5 R, 2 IUME N JLSHE, L0 i HE N T

Figure 3 (Color online) Qualitative results of predicting poses in different scenes from the CAMERA2S5 dataset, with the red line representing the

predicted value and the green line representing the true value.

fili, B EE RAE PR, 23RN, AT IEAETA
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4.6 YRSy

FEART T, RATIEREAL275 H 2 8i4E AT
RIS SR 7T, DAE B BT 1 7 v A Rk, R4+ BS
REXEA 7 B E R LGB (BSAM), DG
BN JUAAT R ANRRAE S A A HUDGAFA), oA 643
NEALFENR. WRAFELLE H, HUB S s T s

ST E ARG AR, fEREAL27S¥dE 5 240
FEbr LU VER AT i T, BB Bl &S LT IR
EREAIT, FEREAL275HSE LARbRIFBcA $2 T K2,
DR R RAN BE B2 e O o PO O HE R, X 0000 140 %
BN Tl IS GBS BEANAISC ¥ iabe gl ee RS ST
B, T 2GRN R R G S ik
ERGIAEZ KA MIRE, MM SBERAHR 5
P AN AL LI S 2B AR AN B 25 T LT TR AR AL 2R
EER RN TN, BERERERS 2 T BORIEE 5Tt
W W S AR ) S B A I FT DA 5| 3 BE 47 RS AR SR B
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AG-Pose

Ours

B 4 (W4 RR E)BA I T7i% 54 B AEREAL2TS ¥ 8 ERIATIALRTLL, #5147 HAG-Pose™ 45, 55247 HARATI7 1%
flas R, TR B R R R, BATHI T IR IR

Figure 4 (Color online) Our method is compared with the baseline method on the REAL275 dataset. The first row shows the results of AG-Pose [2],
and the second row shows our results. The visualization demonstrates that our method outperforms the baseline method.

AG-Pose

Ours

B 5 (MO E)EREAL275 E e 8 LR BRATI A 77 i 5 B 4 7 I AENOCS 22 18] b Fill (0 5 B s AT L. 38 14T s 4 T7
EMEER, 24T B BATTERN S R, SRR, TATH T N o< 5 i SE X 5] HARZ2 5/

Figure 5 (Color online) Our method compared with baseline methods in predicting key points in NOCS space on the REAL27S5 dataset. The first row
shows the results of the baseline method, and the second row shows the results of our method. The results show that our method predicts key points

more uniformly and with smaller errors.

P2, AN A AR T e, S0 AE T IRATPER M IEM X REBEAM . BRI, FATE B s A b B i th
A TSI B B ST R AL, ST s s
AIRGB> 300 Al AR e R R, IR B IEN

5 ki RS 12 PO SEIL T RIE SRS RS, AT 225 1R
TE T RBE AN SR A MR, BeAh, JRATE SR

BAFEAG-PoseP IO JERE b, $RH T —FMBRIOSE  SURHER &M B T 3ha LA 8 A0 AE 2R A 1,

15 B 3G SR LA N R B 2 ST Tk, T RIZkeD ol BOE RBBRk E L 2 Sk R LR SR A I —
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Figure 6 (Color online) For different object categories, mean accuracy curves were plotted using three metrics: 3D IoU, rotation threshold, and
translation threshold. The top figure shows the results for the REAL275 dataset, and the bottom figure shows the results for the CAMERA?2S dataset.

F 4 HAOHEHIEREAL27S R b1 fh s g

Table 4 Ablation experiments of two improved modules on the REAL275 dataset

joR i BS DG 5°2cm 5°5cm 10°2cm 10°5cm
Baseline X X 57 64.6 75.1 84.7
Stage-1 \/ X 57.9 64.4 77.5 86.3
Stage-2 X \/ 57.8 64.6 75.4 83.9

e v v 59.5 64.8 78.5 85.9

1k, A R R 4 R T LTS B A 5 B Sk s R AiE SEOG AR RN, A ELFE LR v DL 2w HARAR A5
W, ST T NS SRR S R R R RATE %, AT B Z AV fe br IS T 1TE, 56
REAL275FICAMERA25$ 4 4 L 34T 7 4 1 A S 56, WE T TR iR R,
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Category-level object 6D pose estimation aims to predict 6D pose and size data for unseen target instances with known categories,
requiring models to possess strong intra-category generalization capabilities for objects of diverse shapes. Although many previous
methods have attempted to enhance the learning of features with significant intra-category variations, they overly emphasize point-
wise dense feature learning or point-wise coordinate prediction while lacking the learning of target-wide geometric features and
structures. This results in poor generalization performance for unseen target instances with significant shape variations and occluded
scenarios in pose estimation. To address this issue, we propose a category-level object 6D pose estimation method based on keypoint
enhancement. First, this method constructs an instance-adaptive keypoint detection module through a dual-modal separated cross-
modal attention mechanism and adaptive weight fusion, learning a set of sparse keypoints to represent the overall schematic structural
information of the instance. Second, it builds a perceptual feature aggregation module via adaptive dynamic neighborhood
construction, linear and sinusoidal positional encoding, and multi-head attention mechanisms, integrating global features through
conditional normalization to adaptively learning local and global features of the current target instance’s keypoints. The keypoint
learning module can fully consider and exploit information from different modalities to effectively learning the key structure and
schematic information of unseen instances. The feature aggregation module dynamically constructs local and global geometric
information of the keypoints based on the keypoint foundation, thereby learning geometric information of unseen instances and
improving the model’s ability to learn geometric and structural information of unseen instances, as well as its generalization capability
for pose estimation of unseen target instances. Our extensive experimental results on the REAL275 and CAMERA2S datasets
demonstrate that the proposed keypoint enhancement method has excellent performance.

category level 6D pose estimation, key points enhancement, cross modal attention mechanism, adaptive weight
fusion, adaptive dynamic neighborhood, sine position encoding, conditional normalization
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