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Real-Time Object Detection and Location Algorithm for Aerial Manipulator

ZHANG Rui', WANG Yaoyao'?, DUAN Yaqi’, CHEN Bai'
(1. College of Mechanical &. Electrical Engineering, Nanjing University of Aeronautics &. Astronautics, Nanjing 210016,
China; 2. The State Key Lab of Fluid Power Transmission and Control, Zhejiang University, Hangzhou 310027, China;
3. Norinco Group Air Ammunition Research Institute Co. , Ltd. , Harbin 150046, China)

Abstract: To accomplish the task of aerial manipulator’ s autonomous grasping, it is very important to
recognize and locate the object. At present, most of the recognition algorithms of aerial manipulators use
traditional feature extraction methods. In order to improve the accuracy and efficiency of object recognition
and positioning, this paper designs a visual recognition and positioning algorithm based on YOLOvS deep
learning object detection algorithm and RGB-D sensor. The algorithm can detect the object in real-time and
estimate its pose, which serves for the grasping task of aerial manipulator. At the same time, aiming at the
problems that the deep learning algorithm has a huge amount of calculation and cannot achieve
high-performance real-time detection in the embedded system, model quantization is introduced to optimize
the algorithm, which can greatly improve the processing speed of the algorithm. This paper introduces the
overall framework and implementation process of the algorithm and verifies the effectiveness of some
algorithms of object detection and pose estimation by using the COCO dataset and motion capture system.

Key words: aerial manipulator; YOLOvS; RGB-D; object detection; model quantification; pose estimation

UTAEK , TEAMLAEA QU R i A3 38 TR R AN PR R U1k o o 1 ik APLICE:
K& SRMBA R ICAMLR 2 HAEsE O AL RO ARV 22 0 DL G0 1) b o R A B A9 B 058 b A,
SEAESS  MIARES HAREAT A, RIE AR SR FE A BT fR ek #5480 22 5G9 HILAURT A9 e 3R AT AL AR

E&TH:HEARB IS (52175097) 5 B 5L IR KA F AR 45 2% (NS2021033) .
I F5 H 8 :2021-05-31; 11T H 3 : 2021-11-16
BIEESE T8, B+, Wl # 4, E-mail:yywang_cmee@nuaa.edu.cn,

SR IRE, E5858, BOMERY, 55 . 10 0] CATHUBUE 19 5C i B ARSI 5 58 2 B0k [T ], ma st 2s i R K244, 2022, 54
(1):27-33. ZHANG Rui, WANG Yaoyao, DUAN Yagqi, et al. Real-time object detection and location algorithm for aerial
manipulator[ J]. Journal of Nanjing University of Aeronautics & Astronautics, 2022, 54(1):27-33.



28 MO OM % MK Kk % % i

5% 54 %

T T AH G5

RATHLIE 7 K 2 8O 5T BUATAE 55 1), 75
LA — 5 i S 4R O Ak BRAE S RE T, Hrp AR R
HZ IR B AR B U0 R E A7, R I A
R G R RE EEE —A OCHE R L B X R AT LA Y
AL v e fie 42 61, N A9 3 IS T 1 2
RS BRINT, 52 T NHLLER R Ge 1T 53 Pk e g BR 4
2R 0 TR SR T SR T A% G 0 Bk TR AIE 2 R
7 i I B IR AR, IR AR R B N T RE
WFFE R A WA, TE B b A ) S5 8RB 2 3 T iR
KT HRES DN, 5E50 5 TRIEE
BECRA ARG T VA L, R TR B A% 2 1 H A T Ak
BA BRI B e &M s s 7Tz
BRSO K B AR RS D 4328 R AT 0 XU BT s
A4 RCNN' F-RCNNAE 5 8B B 35 2 H s
A I A Ay — 4~ BT ) ) 8, AT DA s B AR B i
FHE R, 145 SSD(Single shot multibox detec-
tor)”' . YOLO(You only look once)""4% . #Rifii k& F
TREE 2] 09 H R B vk B TR E 4 HE S8
2 AR T R R0 GPU e A UE 52 s A6 I 4 RE
PRI, Gy o % 88 2 > S50 o T AT ILAMUREF 5548k
ARG, 52 B H Ar iy S8 A 475 88 02 — > X
Ko TR BE A o] B T 4 b 3 G PR RE R
AR ARG, WA TR 1 7 VF 288 TR 45 Fim
WO, FR A G A FRGE A AR Y R kR
PR ZE AR AR T vk o 2017 FF R TR IE ] 0 B 4
U, AT DR TR BB 2 2D I B B R i A5 A0 Oy g —
A AR T H AR I A S P 7 i A 2 12 47 B0#
[ A 0 2 RS B X G, A A S AL 3 H S
O 2R SR S R /L XeF AR AR A3 o 174 R A ARG

TEAS 3 B AW — de R h i L8 IS, 75 2R
BOH =415 B . fRge i WH 3845 3k — il o i 5
PR 26 o N MR h 218 3R i IR B i =
TR I AR B R B e A —
3K o RGB-D 1% & 4% (] W Microsoft Kinect, Intel
RealSence . ASUS Xtion Pro Live &) 0] D) i@ 1 )
T B AR H AR IR AR B R TR BT R
2235 EORS B B I AR R B T N .
TEAG AR 15 BN R AR D5 A 2R 3] DLSE 9%t
H AR 235 n9 Ah 3, 8 A7 240 Bl A (Ttera-
tive closest point, ICP) % k. H F ICP & %k i+ &
B R, U R 7E A 3R A 2 A B X DL R IR R
U 0 S PR BE ST AT T 2 A Uy
TR 2 U BC Y PLICPY™ | 7 K-D A 9 4k
TCP A | 0 AT 2 3 38 2k VR 3 it 28 T 46 B Ak i
& B bR YO BRSNS YR B R %
DAL 24 X G 7E B s, 75 20000 45 8 fe ke il

H b ) = 4E A5 A o 75 B4R g R B 4 . AP Ok
A 2EH R AE AR B AR BB TR R IR
W o XA KR AT S s ) RS s R
B o S AR A 1F B AR S S AT R — R B3
B

AR SCARHE RAT WU T AR i, 8 T —Fh ik
T YOLOv5 H # A il 5 % 1 RGB-D 1% Jgk 45 1 5
B E AR 5 7 55 £ NVIDIA Xavier NX it
AT E AR A TR R . xR AL R
X R S U A5 2 B AR i FUAE | IR AR I AL
TR A 2 1 R B RGO B B AR X A
SR R PSS R A 5 T AL VR 2 o) R o AR L 7
VUG FE F5 AR R AR (14155 0 K 2 7 7 5k b
R . AR S0k COCO s 48 X 303 B A A4S i 3
AT B AR E AR R I AR A A Y
TEUR B S5 | T LAt b G 560 1 s A T 5 95 A 7Y 1
g rERe . AR B AE COCO Bl 4 1 Il ik
ik 7% 7E Kb # A TR] AR 2] 33 mis B9 [R] A S 2R Aff R
] (Mean average precision, mAP) [ F F& {L 1E
0.001 LA . & ki it RGB-D {4 & 25 45 4 /5 =
e Ko ok itk TCP B3k 6 H AR W)L AT Al T, e & R
H NOKOV 3 & il #& & 4t (Motion capture, MO-
CAP) B iE TIZ BB A %tk . kvl Lol ©AT
HUAR T A BICHR T A 458 36 5 i ELRS 6 04 B B 40 07
FUEAAR B Bh o8 2 22 F A RS A58 T % H AR
A 3 AT R .

1 XERAKERE

1.1 YOLOv5 Bir# &%

YOLOE R 2 B 56T [ 4 5B B B bR A
ok Ho R T 2016 4K il B RAT ML
25 AR Al R L8 B 325 A S B A R A SR, AR
KT Y OLOVS B AR I 535 5k 58 i B Ar
TE A BT E R, YOLOVS 7R 8 1A W 2% 454 |
5YOLOvVAM L, B A H 5 T8 1 Pytorch &
JE 25 ST HE AR S Darknet HEHE , 764 A R T Mo-
saic FIHE 3 3 F AR, 5B hy 30 2o B AL 47 R 5 A
HEZ R, 38 i T BLAIE /N B bR R D8R o [ B
ST E T R oA B B BOR B (Cross stage par-
tial, CSP)REH K I 2 B R AR B 43 SR W38 43, SR I
L B B i R IR SR AT AT 08 T R R R
UE T 3RE M MEaf M o AR 0 pR B TSR 4, Se i
RRAS TR B9 TOU _Loss 7] LA3eoR K
_lAns]
10U =

| AUB]
AP A (B2 n B bR 92 B i1 FEHE R 1 i

(1)



%13 ik T AT HUUE A SE T A AR AR I 5 RE AL ST I 29

FE B AR o T AE YOLOvVS H % T GIOU _Loss,
HARERA N
|c—(AUB)|

| C
AP CFRoR AT LI FAHE A R BB 35 7E A 8/
R HE BT AR . A5 G TOU _Loss 75 16 % 1 5t #E
55 SR i FHE B A A SE BEAR 28R O, B JF AR BE K
P I T G R, TC IR AT AR AR [ B A A
XF 3% 97 R [\ 1 10U _Loss A1 7] #4971 BE 1 . 1
GIOU _Loss 5| A T 28 &t C, 6 9 HE LA AP 4 25 8] {5
DAL AR B A T AR e K R B AE 1Y
Jia] 131

i X — R A A e S i, YOLOVS % &
(Ve RE A 2 B R R T o SR RVE S A etk
] S T A B 0 RIRG B R B AT AR IR T
YT B L T AR B AE GPU M RE A 2 1Y %
AR RGE LS AT S i 4 06
1.2 ETFTEHHIEDEHEE hnE

FE HARK IR 43, % S8 B AT MU« AT &40
Bt e 3l 3 A A A R, ARG T B 92 110 S i SR
B . IR AL A X R A R
BRI G 2k B BR A 2 Ak R T T R A s T 3 X
SVL A B R A AR SR . BT 2B R
TR 4 > B i 000 B0 3k 0 i) T 2 o TR ARG B
T 7E CAT ML L (57 P D 5 2 5 3k 1) 8 3R g
U 2% 8 B AR SOk FH B9 RGB-D £ 8% 28 4k BUR JE 14
G R AE 30 /s, B UL I BB AR H AR G I 43 fiE 35
B BE A TR AR SO R Ak R A Ak A
T A R B G R A R AR B IR AR R AR B 1 B
A8 G 0 AR

TR BE 2% )0 H bR AR I B3k (4 SE AT LA 4
I HE TR AN B BE . IR B Bl 8 T AR
A 3 P 20 D 24, o 28 B 4 | ol 4% o O B 2 20 A
BRI o 3k — B B O Ak 32 2 3 o 1 A )
g ok BT RO BT T R R I S 2 Rk S
. YOLOVS FZ A4k 7 X A B Bt o 7E It 3% Ak
e R P 286 e BRI B AT e R oA AR A )
PR A T S

1 E A A R B A 2 4% SRR DA
LR IB AT IR, 0 TR 3OS B, — R Bk
JE U R R (FP32) e b A Bt 8. e
W 28 (1 IR B B, R AU(E 2 800 /NS A st e 52
i) B2 1] A% 1% R B T el B, S xeb I gt SR A R
S H M DR I P25 T 24 1) 5 5 R v ol ) YA
HOHE RIS L EL Y . RN, K 2 B0 2 I 45 TP I AL
{E 7E LA FP32 3045 25 U AE 6k B 2 A7 A6 TUAR I, 52 B

GIOU =10U — (2)

B A7k B R A B 2K A (FP16) £ & INTS 5t #E 58
AT S HN A . B b R EiR AKX R
G A 12 A5 B A5 28 8 (FP16) a8l INT S %l 26 78
W E AT DR S — B 2 R SR A A&
ZHFEm, £1HEAR T FP32.FP16 Il INT8 %L
PEAAIY L3

F1 BFHELRBER
Table 1 Comparison of data types

ST BfE A LS
FP32 —3.4X10" ~ 3.4X10" 1.4X10°*
FP16 —65 504 ~ 65 504 5.96X10 °
INT8 —128 ~ 127 1

AR SC S BRASE Y I 25 5 B v A5 380 (9 508 B
R I X 2% BUAE K 45 0 S 508 AE £ 30 [l i 3
BT INT S £ 4l 28 A0, o BB A5 g b v /2 20K o [R] i)
Ry it —2L PR T S SRL GE o NIVDIA R 32
A9 TensorRT 58 A% W 4% B9 3 B FI K E 25 F) 5 &,
W B A A A ) 5K S R0 BRAT A TR B A 0 )2 G AE —
B, U/ A i TR AL i e R P OGRS

AR SCER X YOLOVS Sk 7E AT HILBIE 3 B 1Y
A SR G0 B o 2 A 22 B4 ) L, SR A o ek
(9 07 W R B AT AL, T AE COCO B di £ 1T
TR o S5 45 R 0, 0K B 35 AR R AR A 1
LM R AR AR LR R ARG PIEE] T 30 (/s
RT3 B (A A A% S0 IS I VB 1 BR AU
2 HEREHEEHW
2.1 TEHSEH

AR SR ) TRAT HLAUE L9 R 4 R E AL TR B
P K 00 RS B3 AG T PR TS 43, 5 B B R B 2 2] Bk
i) GPU 315 % U8 75 5K, i ] NVIDIA Xavier NX
i A I R ARAE AL R S, I R BT &= 200 g, 2
FE15 W AN 23 o0 RATHLBIVE A R B R iy i o 75
H b9 v Z A% 11358 4318 FH ASUS Xtion Pro Live %
JRAS T L E AR BOR S B . B RN T A ST
BT A H AR TAT AL B B R 5

-
BRI :_ :

BT 5 0L 58 R G0 00 e 3 AT HLBOE

Fig.1 Rotor aerial manipulator equipped with vision system
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Fig.3 Object pose estimation experimental platform
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