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Abstract

In order to solve the problem of automatic and efficient detection of tower in the helicopter power
line inspection system, this paper proposes two-level tower detection method based on machine
learning. Firstly, the trained AdaBoost classifier is used for coarse detections of towers in multi
scales. Secondly, as candidate towers, the detected results by AdaBoost classifier are put to
learned CNN classifier for identification of the candidate targets, and power towers are located
thereby. The simulation results show that the algorithm is efficient.

Keywords

Object Detection, Machine Learning, Helicopter Power Line Inspection System, AdaBoost Classifier,
CNN Classifier

EFHLE il R B RS MRVE SR

RO, T OB RKEER B A
P2 H TR B B 5 3 A A B 5 SR R, BRI %

Email: veu@xaut.edu.cn

ks H . 201846 H10H: FHHM: 2018%6H27H; KA HM: 2018F7H4H

R

X EFHLE K R G 6 K B SRR, 'l TETEINREESRNTE, EEFA
AdaBoost7} REHE L RE EXE G HTHEE, BAANIRERIENREES, BARAETREZEIN

SCESIH: B, HEE SR, BT BN K R G B s E i A p). BUR S5 S0, 2018, 7(3):
119-127. DOI: 10.12677/jisp.2018.73014


http://www.hanspub.org/journal/jisp
https://doi.org/10.12677/jisp.2018.73014
https://doi.org/10.12677/jisp.2018.73014
http://www.hanspub.org

L A

CNNZ 3RS XHERE B AR BEATHIIN, TR CATRR P 3 G BEAT L. B LRI R, i T HERR
k.

K
FAFEM, HL8%>, BEFPIHICK RS, AdaBoosts 28, CNNAMIEE

Copyright © 2018 by authors) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 5|18

PR o e i R 2 B P PR g IV N e R B R A ) AR AR A A R T B B R TR A o AT,
X BT HA A G 3 A T L TR B AR R RIS 2R A L T AR R I W A B oG IR [1] [2] [3] [4]
[5].

HAT, fE5 BRI AR T T, RS NCRH 7 — 0 B AR IR 70 e g B TR 6] 1%
T3 A P T P AN R R S PR LR R R, TR B AR I T . RIRARE NRH 2 RESHIEOR,
R AR A W B 5 VR B REAT RN [ 7], E—ERRE gD Tt &, IREESS & 2 REEA S8 45
FIRFAEAR 2, IRRE FE R A . 5K G55 NAE 5173 5% SAR (synthetic aperture radar) %, I8 BRANAL [
HLI7 & SIRV (Spherically Invariant Random Vector) #7455 K42 /5 CFAR (Constant False Alarm Ratio )&l
PIHERIZR, JFEEXT SIRV B S Efh vl 2B B0, R T 2 R (1) 77 V2R 32 A T 2 (8] Carlos
Sampedro Z& N F&H 17—l e g S5 Al AN 43 2R 1) B 2 21 7 i il I ZR AN 2 /=2 A2 MLP (multi-layer
perceptron)#i 22 /&%, —ANEEIER FH T 0 BT SRR, 55— MRS H X 4 R RSB o ) B AT
3K, ZITERA BTG, H O BRI B AN B 5 4Tl 2 SEBRE T /R R [9] .

P& E Rl LA & 9 BARidEAT i) BARRril . B AT B AR fril 7 vk 3 B MR BT s )
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iV R S i (AT 25, F DR A AN 2 T 0B T NI ZRE 1) 4 S AR FEI ARG, A DA J2 S 1
FETHFER AdaBoost 732848 1] DAYE 2 R EEAT RSN, {H 6 BRI (0 S A AR A 1 78 70 PR 2> 52 i HL
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EANE AT S SR B e Xt B AL 16 i FRL 2R R 1) AT R R IE R AR AT AR, SR
(R IEAREAS 73 30l % AdaBoost 732825 Ml CNN 73 2R 25 HEAT IR, 132702848 . SR AdaBoost 7328
e 2 RUE B G AT R, 33 P Ss RAE ik s &, BRI & TR EE 2% 21 1) CNN J3 288 0
i HERHEATHA, RIS R AR S Wik
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Figure 1. The algorithm framework diagram

B 1. AERELRE

EITEEE R A 1) AWE TN TE MRS B A B A A 3 V) F & s e MRS &
B A RIS AR LR, AT IEOREARARTE s 2) SPUIRFEAREETREL LBP HRME, ERFEERFRAME BIEN
AdaBoost BB FEAT NG, 5 >1 4 1505r 2588 classifier]; 3) WiHIRE S >] CNN BRIy, I ZRpEALERM
PREEAE B IEN Caffe 0 F ) CNN #E8Y, 22 >] A2 il g3 25285 classifier2; 4) £ RE T, EIE30E A R
WA G, EANNGA R 7954 classifier]l, R¥E classifier]l HiHF2E GV R; EVIRLS R
ENUZAF R 1) 53 K2 classifier2, R4 classifier2 4 Hi 15 235 & TR & AL

3. T AdaBoost S HZBIE SR

AdaBoost (Adaptive Boosting) 4% 0> AR B A — NI RN A R 55 70248, R F X LTE 5K
TR IE — R KA E N IR A IRy AR [12] [13]. ZFE R — PSS, MR A
FII R AN FE AR 73 802 15 1R A S bR A 43 28 (R HE R 26k i 8 B MR AR BB o 418 COBUE IS R8T
HARIELG N E 0 R HATIG, RGNS B K2 mE Rk, 1FARERIRFES LR BT
AdaBoost A~ 77 £ T 55 % ) FE PR SR IS AR, i HoR A AR 2 B AR AR 1 SRR, 2 — Rl
R)aE 2 Bk A Sk ] AdaBoost BRI BEAT I 25

LBP (Local Binary Pattern, Ja i —{E#50) 2 — il IRt IR MR = F SORARFE R S 1[14] [15]. BITE
(R e AN AR ANAR MR AT G 1 B A5 2 AR R 2 L T B AR BRI AN R 3 & . ERFAME H AR
WhE, MHE AR, BAORERGEESH. SRR E SR FEX B ANLETE ALKk R — &
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A SLEET AdaBoost 7r 54 IS G RO EZ - NN B, BB BORIIGR, 3 I BORRI . 7EVI
ZGWrEB, HARMEEKEARFRNM. SRR, AFREE. ARAEROEERAENIERAR, #EgTE Lk
MRS G B R RN REA, MR GRBEARSE, SHNZRREARSEREAT KN A —A . R BE AL B P 40 i 1 2%
BIETALEE . JLUR, XETRALER 5 (R AR SR LBP RRAE; #2552 HUT) LBP RRAFESE LA BT @ FEAR R bR
5 IEIEN AdaBoost HRIEFEAT /- RENLR, 1183539588 classifierl . fERTIIBY B, T Je X A\ (AL A
P AT I FEARAN B 7 PRI S TAL B, 6 R 2 RUBE e ) T SR B R N 2, I 3 3L
BN — 4GS HEEL LBP H-1E, PR 3R AL LBP SHEH A\ 48 2588 classifier] #EATHR5E 4035, JE g
HE N EGRARIE G BONEZ U ER LT, —A AR sed 2 aaill, EVHNESRE
(AT INAE R R (2 (Rl — A AR TSR T, X ReAmt BUG 1) 22 RO 3 B A I &6 SR AT & IR a3, &9
AbFE S (RS A B (e 85 6 HORIRG 25
AdaBoost 7 225 IR R BT -

WGFEAREANHL: 34,006, IEFEARANEL: 12,851 4, IEFEARIT—1bR~F: 50 x 100, FFEARNL: 21,155
s SFOREARRGE: RN

INZRIEARIXEL: 205

A A 0.999;

RRBEZR: 0.5;

5970 K A H: 100;

WENE /N SF: 50 x 100, AR SF: 85 x 169;

BARARIE 2 1.3,

WAIREBA 3.

5T AdaBoost 732585 1) B ARSI SVEANSZ B 3 e B, JGIE B T2 3R AL T 1) B AR,
B 5 5250, EL M P URK,  CAS IURS A B 58 A A S b TR TR oK, 7 ik — B itk .

4. BEF CNN S HBHme

B2 R 4% (Convolutional Neural Networks, CNN) [16] [17] [18]/2 — M Z ERIIRE MM LS, FE
HEIANZ. BRE WE . 2L fHE0r K8 HM . CNN 1EA—F R IR FE 2% 2] DT R REM
— ARG PRI, R R IAME IR EIER AN ZE 451, SR 28 TR B R A1 S35 CNN AHEL
TALG I BB AL BESE R Rl — 72T, e 7 R SR A I A TIAL B FE (R I LRHIESS), AT RLE
PN R UG EUR , FRAESE AT LR S M 258080 v 2% 2115 3, SRR SOk VRS CNN BRGS0 A7 H
RNRF 2]

5E S X SN, Y TR, TR T IR {(x(i),y(i)),i=l,-~~,m} IEGL T, AT

G B SR E] N R by (x) , ERESSS ) HEATAREF AT o VB2 2 ST R iy R s e o1 24 (1)
PR AR R A T4k AR MU i 7, b 0 AL KL

J(0)=Y2m 3 (1, ()50} M

i=1

Caffe [19]72 — MR E K H] T 1H5 CNN MR BEVERIITE GPU THEAESE, TR s M.
RETR R AN PR R AL, Caffe HEZLSZE T 28 MUAHSCHTFLN B3] 2T o £F Caffe HEZE B, W] LAfE 3R
R A 2SRRI G K88 ATLMEM] Caffe $RALAISEALY R B SRR IR0 2885 ] i I I 45
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U (RS R SR BB R A AN AT 70 2%, A SCHE Caffe HEZR R, XA SC&HHHT CNN #4714, LLIR TR
SRRg.

ASCHTTH CNN B A 2 foR, ZMZadb s 18 B MA g, Hikh: MANE - BHE
- IR - WALE - B - B - B E - WL E - R R - &% EE - BUE 2 -dropout 2 -
ERE - WS )Z - dropout JZ - &% Z - softmax J2E - FilE.

N EEAE NG IR BT B E AR RN — S B TR B 5 IS A LE . BRUEEN
FHESREUZ, FBRZATIAEEE AT G, AaRBE S A SIRERRE, MRS E S RER
[ PRI o WS A ERR 8 TR T46T 0 SR, F TS, 1ER— BRI pEsds, =
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B AP E KRG MAHIALE], xR0 g sh V@ ST HLH, 5 m R EA X B, 12
TR ZALRE ). EEREM U TERME MG h 2 2RI S Z, — AL T M4 2,
WRE N Z o RN B RE AT IC S B N BUR ) 55— S B R 7R . dropout 2 FIFE 434
EZ )G, ATBibdia . softmax 24 H &N R TIRESRAE . Hth E 5 2800, AR SCZEnE0ch 2,
BahN—3, Te—K

ARSCAEIETF Caffe BEFI) CNN BALIZRi IS H0E E 0 R -

WGFEAREZH . 46,409 4>, Hr 46,309 NMEAR TSR, 740 100 MEAH TN, 86 IEFEAR
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Figure 2. The CNN model designed in this paper
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Figure 3. Comparison of the subjective detection effects of the two algorithms (test environment: (a) plain (b) field (c) vil-
lage (d) winter forest vegetation and road (e) Shading and lighting (f) clouds (g) forest vegetation in spring and summer)
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SOPEAEC R R AL R U AR I, IR BERE HERR R A, SEINEE & HIMERG E AL, W WA ST VERERS e ot I
FRIZN A A58 3 5 Ran il BT 8 B 52 o (D25 PR AE = 235058 191, 232, 242 F1 305 it G Bkl 45 2R,
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ARITTE BIR BRI A A &, (RERS Ak, Qs 242 WFIEE 305 mih ks TixiE G .
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Table 1. Comparison of objective test results of two algorithms
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Figure 4. Comparison of the time consumption of each frame of the two al-
gorithms
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