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Target detection method for visual and 2D laser radar
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(1. School of Mechanical Engineering, Yanshan University, Qinhuangdao 066004 ,China; 2. Hebei Provincial Key
Laboratory of Parallel Robots and Electromechanical Systems, Yanshan University, Qinhuangdao 066004 ,China)

Abstract:In order to improve that the detection range of a single sensor is small, the detection features are few and the detection
accuracy is low, a target detection method for visual and 2D laser radar is proposed. In terms of visual detection, an improved
Googl.eNet algorithm is proposed to realize the visual recognition of target objects. Compared with GoogleNet algorithm, this method has
improved the recognition accuracy of 6 target objects by 0. 7%. In 2D laser radar detection using European clustering algorithm for 2D
laser radar point cloud data clustering, and then use RANSAC algorithm for clustering data point in the cluster to filter, finally using
Kalman filter algorithm to estimate the location of the target object, and realize the 2D laser radar in a particular plane 360° to detect and
locate the target object tracking. Experimental results show that this method can enlarge the detection range, increase the detection
features and improve the recognition accuracy of mobile robot.

Keywords : vision; 2D laser radar; mobile robot; target detection
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Fig. 1  System working platform
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Fig.2 Rectangular coordinate system for 2D laser radar

FOLEAR R . A SCH P BRI 3l AR R, 1R
HLa AT AR FE A I 1A R

RIKIBOT ROS #L#% Afdi H Jetson Nano fix A= &
Bk EFE RIS BRVE R SR Ubuntul8. 04, 76 ROS HLAF
NN R G IR BEHAR SR A 0 R iR AR A 1T
OK Sl RN A 2R S S X E A A A B TR0 R 4k
T IAXT T H AR A B4 R S A DU R 2 A7

2 ETHngBiriR5

AR SCHE GoogLeNet S35 (1 SE Atk - i s ol itk %ot
GoogleNet 75 B W 25 J2 | 45 S 80 Inception %54
TTHUE , B4R — RO GoogLeNet B

AT HE 5 GoogLeNet 3572 Xt H #5474 (19 11 531 U
F RSP IE M Inception Z5A HF IR AN 3x3 AYF-H(E
WAk 2 0F 78 HF 1 d i — A 1x 1 B RE, Bk
Inception %5 # 41 ] 3 F 7. AR 4k gk Hik 400 %
GoogLeNet F3: P B EATHIE , A< CHF GoogLeNet 5k
BT A dropout JZ M SHU I E 1 0.5, AT 12k
Y GoogLeNet BRI M LS 4 B,

I I 1
[ 3@ | | x| | axasE |
IX 1B A A A
[ ixusm | [3xsmki | [ 3xGFgR |
A A A
Bl 3 B Inception 4514

Fig.3 Improved Inception structure

P 4 PR 26 4% 1 FEHIN r 2R M 4% 2 # RS
SRl gd B, A S 5 H AP R H 51
SO D1 S T e W 1 e S e D g (AR
K5 R,

BN ZX 2R RZE 1 AR R LA 0. 1 YA IS i 21 it



53 3

S5 —HEROE TR IR BRI 7 ik - 81 -

AN

v v
| %:F\] | I Incep$)|133 }—» ;g%ué:
| B2 | | Inception3b |
v v
| ﬁffm || [ #xms |
| lnceptvionla | I l|1cep$)n4a }-’ ;?%ugz
| Inceptionlb | I Inceptiondb |
v v
| mxw || | Pk |
v v
| Inception2a | I dropout/2 |
v v
| Inception2b | I LEEE |
v
| okl | l Softmax#i |
| I

Kl 4 BERY GoogleNet B Y W 25 25 F4)

Fig.4 Improved GooglLeNet algorithm for network structure

2% G SR R BN Zr 2R R4 2 AR R L 0.4 1Y

R1 Ki#A GoogLleNet HEiERIME S
Table 1 Network parameters of improved GoogLeNet algorithm

dropout/Z

5 Bngs 2 M 2k

Fig.5 The structure of the additional classification network

SCEE V3 0 380 ;B o % ) S O
BEAIN 43 2 R 248 () S ABCE AN T
1 FEARZ R 5x5 KGR, 2K 3,
2 BRIZRH 128 4~ 1x1 K/PERZ,
3 ARHEHEER 1024 AT,
4 dropout JZHISEEE H 50%
ML) GoogLeNet FLik I M4 S HINR 1 iR,

Fem NG VE S T AR PR 4 #1x1 #3x3 [k #3x3 BRI R
HBR1 7x7/2 112x112x84
B2 1x1/1 112x112x168
Kbk 3%3/2 56x56%168
Inceptionla 56X56X474 158 230 172 72 72
Inceptionlh 56X56X524 184 340 196 72 72
S5 NLK 4 3%3/2 28x28x524
Inception2a 2828662 198 420 208 128 128
Inception2h 28x28%662 198 480 208 128 128
KA 3%3/2 14x14x662
Inception3a 14x14%x662 198 480 208 128 128
Inception3b 14x14x872 212 540 324 168 168
KAk 3x3/2 TXTx872
Inceptionda TXTx872 212 540 324 168 168
Inception4h TxTx1 024 220 680 412 196 196
2Rl 7x7/1 1x1x1 024
dropout(50% ) 1x1x1024
linear 1x1x6
Softmax 1x1x6

3 BT HRSEE RN Bira

e AR BRI A S BE A B PCLY X 4ROk
TSI R 2 B b 3 SR R FC SR 2 B0 0 i o
RASEM A bR &, SR 5 AL BRI RANSAC 55

UG IR G R AT I 1, A5 B FRR R T TE 1 R 2k
F, B (R /R B IR P S 20 % B AR A A ¥ oL 78 4 A 7
T, S B HEROE E IR X B AR R R, 4k
OGRS HARY A A BRI 6 R
3.1 ZHEHSEERBIRL IR RS

F T RO A ARG B AR A A R 2R DA



- 82 - LSRR R e o

5536 4%

Eﬁi’ﬁi ﬁgﬁﬁ Y S G ]

v

- - PN RANSACTT 7%
SERL H AR IAA < R/R B R €| i EEmAE

e R/ AS P

Ko —HEROET IS HAR IR
Fig. 6 Flow chart of 2D laser radar target detection

ABFRFR PR IR SRR A 0 A AR FR A T 4 R AR AR
R H A bR R RS | A B SRR AL AR
(d,,0,), ¥ A bRieds Ry B A AR I A .

x; =d,;cosb,

¥, =d,;sinf, (D
sy, AN @ DR TR AR AR T 1« Bl
ABRR , y AR FR
3.2 BERIREEZ

WOGTRIATE LA AR 2R T BRI A 2, B 2, Z A AR
BN

Dy=/(z, ~z)" + (3, —3)" (2)
S, 2,2, AYBIHES AR 2, 9 B, o B
B, 2,2, 2P0 jAEEE 2 1Y« BARAR, y BlARAR,

MR GRS TE I B L IR AT .

1) 7E 8 = B AL RE 1 A4 2, ] KD-tree
VR SHZ AT AR T A8 2R 4R I B B Z M G Y n
A IERRIESR (2) FIWTX n AN S B 2, FOIEES, KRR
BNTHE r 08 2,200,215 20 5 Je Al S B EE S
M,

2)TE (M\zyy---) BB —x z,, EELIEL)

3VTE (M\zy 2y ) BRE|— 5 HE LT 1) 5
Zy1 12y 12y, TR ML

4) 29 M RS W 5E S ER
3.3 RANSAC &%

TR GRS R M B s o0 7 SRR S e
80 RANSAC 533 % 2% > S A vh 1 o5 = B ds R A7 4k
B PR B A R AT BB R R BE A IFE RO
FFE R AL RO S BT BRI .

1) @75 H AR A Y 2 T 58 3 AR AT 5 i B Al
It B A BRI Y BT R A 2 504 BB AN TR G R 4L
i

2) AL ER 1) sy A B R AR B R
BT E OB S5 oK HR BR 2R AR i ) RN S5, 15 B 2R
FAR AR | FEAT B A BRI R 32 R 2 rh i 5K
Pt AT TR A BB AR B B A R
ANTBOE B BE, WA R 80 Jay R, A5 A 2 8

JRBh A

INTEA M RIGEPEPAT L IR 2) . ELR2) 1E
AR I e R E S PATIRECH 50 I TERAR
FFE PR R R N B H e 2 M BCE R AR i R
T B e B

4) MR A TR P i B 2 B2 E AR SRS 2%
SRR R N B ITOR B TR BR Ry Ah s o 4 6 AR Al
RAFE Y Jay N SR B O IR FE AT IR 8 , Y RS SRR
JE TR Ry B /IS TR I (AL A, IR i R 2R
R ARG R, Y B R R N SR R T
TR 1 (LA D) £ P 2 SR 2 v () B3

2SO WA 2R DRl ERARY/EENIUE S8
3.4 FREEE

i F] RANSAC vk X AT UL J5 | 75 ) e 4R B
MYSRAHE . i TR AR B R T Y A 6 FT fE
TN SR TR I £ 15 00 A DR Ohb ol P S 20K 4 0 e B 0k Xof
BT R B AL B AT IO, S AR OE TR Ik
XA R P RS T IR ARSI, 158 A R 2k
W R N R AR BRSO (R, TR IRERFE R 1
EAE R IZ R I HE b BRI AR AL B AR

XF H AR AR RS0 5 R

X', =FX, (3)
L. X0, R+ 1 BZIRPIRAS TN ) & F 9 RGARE
eRSHEIE X, S o P2 RS AR T, X7, X S0
HARPIRRY AR, y FhARAR, » Bl 17 B S,
y Bl 1) LR S AT O A, Hoh RS T
i X, RN

X =] (4)

Abex, N EARIRR « BhAARAGTHE, y, 3 BARYI AR R
y FHARARAGTHE , vx, 24 « Bl EXT EARD IR AOAG T vy,
Ny B EX AR ARG TR, S ] — > F
B A A A B 1) 2 Bk LA 4 O F 3K A 4 4 40
AT AT B FAR AR A TR

(5)

R v, SV + 1 B2 BRI PATE B AR
T ARy AR BRI« y) 4290 ¢ 2] E
RIS B A AR 2 R RO x BARHR  y SARBR A A
v, oy, SR 1 2 BRI TE « 7 160 L 1932 B



%3% LJu

El’ﬂénﬂﬁ I 11y 1 W £ OB B 93 T = N Al e 5

IR, THO. 1 s, PR ZED T 2N

P, =FPF" +(Q (6)
Kb P, R+ 1B 2B 25 W 5 25 WO G, P, 2R o B
ZNR R 22 D J5 2EAl AR, @ S ik PR MR 7S B 5 250 1

RIREH TN .

K., =P H'[HP' H +R]"' (7)
K. K,H)szHﬁIJE’Jf/J\X 7, H A WLINAERE, R
Ay e MR TS By 22 R

R FER

X, =X, +K,[G, -HX', ] (8)
K. X, e+ D BZIRPIRESAS T, G, e+ 18
Zif i e i, K G,

X

t+1

G =" (9)
0
0
ST ., o 2RI « SRR, ..,
Jo e+ L EZ FBR IR y AR, 07
ZHEN
P = (I~ K P, (10)
Sl P, e | 2 AR, 1
i,

REFEREIERE F om0
1001 0
01 0 0.1
F = (11)
00 1 0
00 0 1
WLINEE R H 7R A -
1000
0100
H= (12)
0000
0000
SRR U 2R Q R A
1.0 0 0]
g=10" 0100 (13)
B 0010
[0 0 0 1]
T P 5 Z2 AR R R A -
1.0 0 0]
L0100
R=10 (14)
0010
[0 0 0 1]

e ik 2 R 22 U T3 AR P, R

RO IR R B ARSI i - 83 .
1 000
b - 010 0 (s)
1o 01 0
0 0 0 1
4 SCIGHEER

4.1 HEEILEER

{fi FH ¥ 4E 24~ Ubuntu 18.04 HY3HENL, fEH T
PyTorch 1. 8. 1 ¥R %% ] FUREZR i ] Python 1 Jy 2 72
T AR M AR S8 U YI 2R 5080, CPU N
Intel Xeon Platinum 8157, N 4% 4 86 G, GPU & NVIDIA
GeForce RTX 3090,

ACfd ) ImageNet [ ILSVRC2012 i 42 4 v 19 4%
& RS SR R A A Y 1B R 4% 1300 5K,
37 800 K, ME W BIE R, AR Y R 24k I

1R H BB RLR 23 SR DI 2B A iU | 43 5 Lk ekt Y
GoogLeNet ST GoogLeNet B 125 7 FHAH [7) i) )11 25 4
AT N A AR [ Al i A A 5 0

SR FHAE B I 25 14 T 200 208 4 £ 4731l 5, batchsize
IR/ BN 32, B A9 GoogLeNet 5 7% Fl GoogleNet
L BRI R 2 2] R E R 0. 000 5, R FHBENLES B T
Bkt AT 2k, b sh 8 2808 0.9, AUE IS 40Ch
0.000 5, PHER GoogLeNet 1k 1142 > & g Il 5K W 2 fif
FHBN IR HE 27 > FRI7VE X 2 ] R AT HORT, TR Ay i
PR, A RO AR AR AT 2 YT 1 A )32
> RBATIRERE, o, 22 ) RS RO 0.9, % HIIR KK
8,22 IR 0,2 2 KA i/ NVEAE R 107, FIE
90.001, F{ERLEERE rel

AR SR FH R GoogLeNet 572 5 GoogLeNet 5. 1=
3 R AH [ B8 Bt 2R DI 25, ek ARIRECy 200 W, A el 7
JIv 73S S T A 3 1) 0 3 4R TRU B S XS LU BT, G IR 8
7 AR SR A DI R AR A0 2 8 0 LU A

WU GoogLeNet SR AU TE Y ZR 4R E I ZRiti 2k
R R, {5 FH S GoogLeNet F. 10 A5 R 75 21 1) fi
MR HE B RN 82. 2% , i FH GoogLeNet 54 1 45
BOAH 3 ) d R 1A UM HER 55 81.5%

25 FARRITEXS 6 Fh B AR AR HEAT IR0 43 28] ik
Y GoogLeNet B AU 1) 73 KRR T GoogLeNet -1k
R R 3 SRBOCR
4.2 MIBIRAER

AT E C ARSI A 1 56 TAT 4 oK
RBP4 1300 Bk, SR 3900 3K A S HodE
o BRI B IR 9 o 1 By LI BE ALY 5 A
AR AL | 112l B GoogLeNet B8 1 X U415 45 4 7



- 84 - LSRR R e o

536 %

2
b
g
#
=
=4

30

20

—#—GoogLeNet
10 —o— Ml GoogLeNet

0 20 40 60 80 100 120 140 160 180 200
AU E
B 7 U HER A T

Fig.7 Recognition accuracy comparison chart

300
—*— GoogLeNet
270 —o— it (f)GoogLeNet

WGHIRZE %

0 20 40 60 80 100 120 140 160 180 200

BARUH
8 IR R AT L

Fig. 8 Training loss rates comparison chart

Yk, 152X HE HERH 5 96. 7% W FRINELRY (i ]2 i
IASEAY 52 B 58 % B AR A B0 . A SCRAAT 2R A
191, A AR B XA T 2R AR HEA TR, A — 4RO TR IR0 AT
R PEAT BRERAS I A E L, AnP 9 o , B shplas A i
IS SIS AT AR R U

class: suitcase prob: 1.0

Ko X724 iR

Fig.9 Visual recognition of suitcase

4.3 ZHEATERVER

W 10(a) frR o Z4EROC TR L Mg I 1
R BlipLan A0 S BBl 43 500 i AT 2R A8 | A KO RN 7 RA
B 10(h) B s S Z4E O B I8 0 52 50 337 i A R 4

(a) LRI

(a) The experiment site

(b) R
(b) Environmental scan
B 10 Z4ESOGTE IRFR RN

Fig. 10 2D laser radar environmental detection

FEZ S5 I A B RO TR iR A T 2R AR A TR
SRR AENL, BT AT 25 A AN RS B A BT AR
OO BT 9 SN R 80 R R | BRIk, mT LAAR S B AR
PRI SN AR BT R R IEFEIA T

fifi I RANSAC BB X £ BRI S S5
PEIEAT ELEARI TR BRI 1 AR s SR B
T ARAS Ry ELZRRAE 1 0 AR KR s B3, ] 11 ()
FER I VERRA T 2R A BT TE I IR, T AR 4RO
IR B XA TR AT BREEAS DU RN B A7, W 11 (b) Br
7, BT 2R A9 B R (—0. 458 m,0. 654 m)

(a) ELERAI (b) BRI
(a) Straight line detection (b) A separate test
B 11 ZHEOG R AT A4 A

Fig. 11 Detection of suitcase by 2D laser radar

YA TR WAL B AT BT AT AR B AR
JE W SCER I R N 12 (a) s, HEROE & iR X724
FA R ERBEE RN ZE RN A 12 (b) Fias, BUR AT 2240 B o7 B
(0. 643 m,0.888 m) .

ZE BRI, 4B TR AT DASE B T AT 2 R
BRI AN E N . [RIRE ARYE DL JEEL ML ] LI B Fr4)
PRBEATIN , eSO T R T R B AR 8 A AT R A
MAIE DL



53 3

MBS —HEHOLTH

NI B AR 7 i - 85 .

(a) BORITERNE (b) BREFA I
(a) Change the location of the suitcase (b) Trace detection
& 12 ZHEMOGTRIB XA T AR 1Y B A

Fig. 12 Tracking and detection of suitcase by 2D laser radar

5

%

=A

ARSCEE XSRS BhALAS A T H AR 1A (9 60 1), B2

P T E 5 B0 TR A R HARK I 7 i %07
AR AL AT K T X B AR R R 03 [ 1
TXF B bR R B R DR AR, AR SCHR T — b Bl i Y
GoogLeNet 545 , iZH %5 GoogLeNet 512538 o S 40 i 47
XF AT OR R WIZ A AEXS 6 b B AR Y AR AT IR 5

IrIEIE AR 7RSS HLER AT T AR AR UM R R
T AEBOL S RS IR P T Y H AR IR A

DT BR , PR HORE S i 23 5% JH = 4RO TR B0 HAr )
PRTEA T R A DU A0 RE AL

(1]

(2]

(3]

[4]

A, BE, B, S BiLEE A B ARK I
ﬁﬂ‘&/\ﬁﬁ%%ﬂrﬁﬁ[ﬂ. ML % 3, 2020,
37(6) : 58-64.

GAO CH Y, TANG J Q, LYU X L, et al. Target-

detection technology for mobile robots and its security

application [ J ]. Journal of Machine Design, 2020,
37(6) : 58-64.

WTHE, ph/NAR, XIHEA, 4. bRy YOLOV3 4T

SNERRREIN AR TT]. BT SR R, 2020,
34(8) . 188-194.
CAO H Y, SHEN X L, LIU CH M, et al. Improved

infrared target detection algorithm of YOLOv3 [ J].

Chinese Journal of Electronic Measurement and
Instrumentation, 2020, 34(8) . 188-194.

AN R ZRER A 570, H
TS AEAR, 2019, 33(9) : 93-99.

BAO B G. Target detection and tracking based on multi-
Chinese Journal of Electronic

2019, 33 (9):

feature fusion [ J ].
Measurement and Instrumentation
93-99.

ZERENE , JEIREMS, W KA. 3T CReLU 1 FPN Biifk
i SSD ALAT H AR I [ 1], A& (R 224, 2020,
41(4) . 183-190.

[5]

[6]

(7]

[8]

(9]

[10]

[11]

LI H H, ZHOU K P, HAN T CH. Ship object detection
based on SSD improved with CReLU and FPN [ J].
Chinese Journal of Scientific Instrument, 2020, 41(4) .
183-190.

PR, A, B, G ST EGERY SSD AR
FHLERAET BARKM [ T]. 0 5240
2021, 35(1): 120-127.

LIZH W, YANG Y L, ZHONG W ],
detection of illegal use of mobile phone based on
improved SSD  model [ J ].
Measurement and Instrumentation
120-127.

RRM, EWeEE, 527, % JETHRMERD & po &
2 SSD HAnkw I ¥k [J]. W5 BoR, 2021,
36(10) ; 1437-1444.

WU T CH, WANG X Q, CAI'Y ],
SSD object detection method based on feature fusion[ J].
2021,

et al. Target

of Electronic

35 (1):

Journal

2021,

et al. Lightweight
Chinese Journal of Liquid Crystals and Displays,
36(10) : 1437-1444.

REE, LM, BHE, 5 BTG A
FARERER 75 (7], A AR 24, 2019, 40(1):
227-235.

YU D, WANG Y N, MAO J X,
object tracking method of mobile robot [ J].
2019, 40 (1):

et al. Vision-based
Chinese
Journal of Scientific
227-235.
MRk, T/,
FRLRR[T].
39-46.

CHEN H D, DING X Y,
detection algorithm based on deep learning[ J]. Journal
of Beijing Union University, 2021, 35(3) . 39-46.
ZRR, Ui, 55, Gg YOLO &l iy 2 B
BRERRL[T]. AL TR SR, 2020, 42(4) .
665-672.

LI X CH, LIU X M, CHENG X N. A multi-target
tracking algorithm based on YOLO detection [ J ].
2020, 42 (4):

Instrument

XU EE . FETFIREE 2 3T (1) H AR
LR BE K224, 2021, 35(3):

LIU Y X. Review of target

Computer Engineering & Science,
665-672.

EAmal, kMR, FEA, S BT YOLO B 4 HifE 5
RO AR ER R G ()], Lol g R AL, 2018,
31(7): 89-91.

WANG F J, ZHANG J, LU G Q,
vehicle information detection and tracking system [ J].
Industrial Control Computer, 2018, 31(7) : 89-91.

JJR R, etk JETIREE Y B9 H AR ER 7 i S
SEBLI]. Tolk#EHITHAL, 2019, 32(2) : 89-90.
ZHOU Q CH, LI Y D. Object tracking method based on

et al. YOLO-based



- 86 - G R - C I T 55 36 &
deep learning and its implementation [ J ]. Industrial ZONG CH F, WEN L, HE L. Object detection based on
Control Computer, 2019, 32(2) . 89-90. Euclidean clustering algorithm with 3D laser scanner[ J].

[12] ZFR, ZXKEFE, KR, % ETHRESI WIS Journal of Jilin University ( Engineering Edition) , 2020,

[13]

[14]

[15]

[16]

[17]

(18]

NI AL STk [1]. ARG R, 2020,
41(5) . 108-117.

LI XZH, LI J H, ZHANG X Y, et al. Detection method of
robot optimal grasp posture based on deep learning[ ] ].
Chinese Journal of Scientific Instrument, 2020, 41(5) :
108-117.

Wi, B, REHE, S R TIRESHNK N L
FbRah A& = de AL 2 A6 77 i [ 0], AU AL R 2
#z, 2019, 40(12) ; 135-142.

YANG AO L, CAO Y, XU Y L, et al. Dynamic multi-
target 3D grasp posture detection approach based on deep
convolutional network [ J]. Chinese Journal of Scientific
Instrument, 2019, 40(12); 135-142.

M, EES, RAS, . Kinect 5 T 4EEOGTR ALY
BRIBLE ARSI J]. PR R E 4, 2018,
47(3) . 337-342.

XIAO Y F, HUANG H, ZHENG ], et al. Obstacle
detection for robot based on kinect and 2D lidar[ ] ].
Journal of University of Electronic Science and
Technology of China, 2018, 47(3) ; 337-342.
SZEGEDY C, LIU W, JIA Y, et al. Going deeper with
convolutions[ C]. 2015 IEEE Conference on Computer
Vision and Pattern Recognition,2015; 1-9.

sRIRIN, RBYE, ZEswlk, fF. B T EGH GoogLeNet 1Y
BRI PN AL [T]. OB K& 3 4k, 2021,
44(3) . 182-187.

ZHANG ZH ZH, XIONG L, LI K B, et al. Zinc slag
recognition algorithm based on improved GoogleNet[ J].
Journal of Wuhan University of Science and Technology,
2021, 44(3) . 182-187.

IR, EAa, Rk, 3T PCL MY 3D M=
ot WAL B[], RPN, 2019, 39 (S2):
227-230.

LI P CH, WANG J T, SONG J L. PCL-based
preprocessing for point cloud data of 3D vision [ J].
Journal of Computer Applications, 2019, 39 (S2):
227-230.

SERE, e, . FETROLEAS R A =4
WOCHIRBRFI R BAR ], MR R (T
RR), 2020, 50(1); 107-113.

50(1): 107-113.

GHAHREMANI M, WILLIAMS K, CORKE F, et al.
Direct and accurate feature extraction from 3D point
clouds of plants using RANSAC [ ]J].
Electronics in Agriculture, 2021, 187 106240.
B, R KK, T, 5. BT RRZIERNT
ABLEARERER R GE[T]. BB SHLS5 0, 2020,
10(10) : 92-94.

DUAN Q CH, YUAN T F, WANG Y Q, et al. Target
tracking system of UAV based on Kalman filter [ J].

[19]
Computers and

[20]

Intelligent Computer and Applications, 2020, 10(10) .
92-94.

ANZOLA J, PASCUAL J, TARAZONA G, et al. A
clustering WSN routing protocol based on kd tree
algorithm[ J]. Sensors, 2018, 18(9): 2899.
fEEE N

dilh

Technology.

(21]

i, 2019 4 T LR TR AG#
R A WSE I I PN TS R 0 e S s -3
FEIT 10 TR L ~) Sl as NI
E-mail :2953600293@ qq. com

Zhang Hao received his B. Sc. degree in
2019 from Anhui University of Science and
a M. Sc.

University. His main research interests include deep learning

Now he is candidate in Yanshan

and robot perception.
ELE CGEFEEHE) , 1990 44 FARILE
RIBUA 7 BE AR AT 27 12007, 1996 4F T 7R L
U EAUHLARE B SR 2 A7, 2005 4R T
LR 2 AR 2 07, 3 MLl R A B2
EEESE T 1 R AL AL
BUBRHL ™ S B8
E-mail : liubaohua@ ysu. edu. ¢n
Liu Baohua ( Corresponding author) received his B. Sc.
degree in 1990 from Northeast Heavy Machinery Institute,
received his M. Sc. degree in 1996 from Northeast Heavy
Machinery Institute, received his Ph. D. degree in 2005 from
a professor in Yanshan

Yanshan University. Now he is

University. His main research interests include computer

detection, computer control and mechanical and electrical product

design.



