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Pose Estimation for Targets Based on Yolo Model
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Abstract: Research on target pose estimation methods for co-axial dual-rotor drone grasping applications is conducted, a
CDPN-based drone target pose estimation model, EPRO-CDPN, is proposed. The front-end target detector employs an im-
proved YOLO network algorithm to enhance its target detection capability. An attention mechanism is introduced to enable
the model to focus on critical feature information, strengthening the feature fusion between channels during the network
training process. The traditional PnP method is replaced with the EPRO-PnP, transforming the conventional solving process
into the prediction of pose probability distribution. The entire pose estimation network is implemented as an end-to-end net-
work. The performance testing of pose estimation network model is carried out on the public dataset LineMod and a self-crea-
ted dataset, and grasping experiments with the co-axial dual-rotor drone as the target object verily the feasibility and effec-
tiveness of the pose estimation algorithm. The detection accuracy reaches over 95% ., with a fast detection speed, achieving
35. 2 frames per second, achieving a real-time target pose estimation, and laying research and experimental schemes for visu-
ally guided robotic arms to automatically grasp and recover co-axial drones.
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RPN 2 BroR,
# 2 Linemod 54 AN [6) 500 i) M RE X L

B 2D projection/ % | ADD(—S)/% | FPS/(iwi/s)
PoseCNNE™ 70. 2 62.7 27. 4
BBg 83.9 62.7 34.3
YOLOv5-6D" 99. 4 96. 8 41.9
PVNet ! 99.0 86.3 30.9
CDPN 94.3 89.8 45.7
Ours 98.2 95.4 59.2

SIS RO A W] L AR SR A A DR J3E AR AG DN e B b
T B, 5 PoseCNN 45 22 it {3y 22 il o1 455 700 [E
PEREA $RTT . a1y YOLOvVS-6D M HL . A SO
TUTEARG IR BE bW A7 AN L (HSEmf PR s 4p . P 13 O
LineMod %48 4 7 LAl 7158 7 45 1 T #L Ak

2) A HIBCEESL . e B TE LS AR RO
T Hia B S 9 Oy ok — 25 S AE AR R Xk JG A BIL B [ A A ) 3 8
fEIFRE ST . R N Z AL RE ) AN I 3 EOORS JBE F e % 8K
a4 b9 EPRO-CDPN #5 5 J5t CDPN 452 84 P8 G X% 1L

RN 3 PR,
23 T 3 TIEE AR n Bk T RE X L
B 2D projection/ % | ADD(—S)/%
CDPN 98. 8 94. 8
Ours 99.1 95.3
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B 14 A o o S I 2R T RAL

3) Lol BUE 30 A ML SE 56 . 52 56 B {4 2 5% .
S E A ML ZED2i. NVIDIA® Jetson Xavier 4% .0 19 i1
it & TW-T506S. AUBO-10 HL0E R, 8 2 ik
RIERE T TW-T506S b, fEAMG A BT, XGE AR
F 2 m/s. WEAT IR W IH DUE S S AN R T &
AT IUESE R, PEAIARHE N I Th 2 [ B 43 A7
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B A 2 55 52 B CHRC Hh AT B e TG A R i 137 48 JHG o 385 0 8
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WA, % T YOLO SR B AR b A . 243

B15 St honie 32 0 A BRI B

W4, RA4PBEMMERFEMIRZERM X, Y, Z
PR R 2Z ki, BAFE B MR ERM RX,
RY. RZ Wy4axtiR 22 40, 5 4LE0HE 47 B 15 B
FoMIXTIR2ZEAE 4. 26 0 LAY . X Bl. Y . Z B iest 4
XPERZELE 1 77° DA o 3 S0 22 1 HL AR K o )N T A2 0F
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F4 HARL %GR WA LEX L
LB A5 E/em BHER/ O
X Y 4 RX RY RZ
HFp&aAs | —11.3| 57.8 |—107.9] 89.9 | 0.18 | —0.21
1| RuEA | —11.5] 58.4 |—106.7| 90.2 | 0.28 | —0.86
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TR 3.32% —1.47|—0.68| —1.14
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w2 3.50% 1.17 | 0.24 1.59
3 EFRIE

AR SCHEEF RGB BEUR 1 A7 %Ak 31 Jr 15 e R Bk 9% 5 5
5, $2t EPRO-CDPN &ALt Bk, AR KL T
YOLO #Y H A5 6 DU 00 25 45 Sy 007 2 Al 31 19 A 8 A6 I 2%
A5 A ECBAM E & S ¥l , H i CBAM F & Sl
il Ak 3 A B s [ 3 R AL AR T T R AL Y
LA o B TR A S E 0 A RURAE 23 8] 9 15 B B I RE
J1o RHAEE T 0 M2 50 A BUM L A b BT Y
EPro-PnP J5 ¥k AT 00 %8Sk . FLAR O B B A B IR i
W2 o S — A it XoF i (14 0 A AR AR

TES TP BE 4 LineMod., [ il 846 4 Btk AT T8 1

PEREIN I, I ULl UG 3 J0 B 9y 1A H s 47 T
SEH . BRSOk B AT A A R . IR S
FE 9520 LA by K B2 R, FPS 35 %) 35. 2 Wit/Ab, 5
BT S H AR AT, e 5| S I PLRE A ST
i St o A LB E T RS SR IR T 5
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