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Multi-scale Features and Markov Random Field Model for Powerline Scene

Classification
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Abstract: Timely and accurate monitoring the safety of power line can prevent dangerous situations
effectively. It is proposed that a Markov random field(MRF) model, into which a random forest classifier
being integrated, to classify airborne LIDAR point cloud for power line scene. First, it is extracted that
multi-scale visual features according to spatial pyramid theory to represent geometry information of the
point and its neighborhood. And then a random forest classifier is used to describe the probability
distribution of observed data. Meanwhile, contextual prior probability is established using MRF model,
which is formulated as a multi-label energy function. Finally, the multi-label graph-cut technique is used to
minimize energy function for optimizing the labels. It is validated the proposed method with LIiDAR point
cloud acquired by helicopter and mini-UAV power line inspection system. Experimental results demonstrate
that the model can effectively classify pylon, power line and vegetation, with the overall accuracy of over
98% . Moreover, compared with other methods, the proposed model shows higher classification accuracy,
particularly for the classification of the pylon.

Key words: random forest; point cloud classification; multi-scale features; Markov random field;
prior knowledge

Foundation support: The National Natural Science Foundation of China (No. 41471360)

B EAN.EAREMNEAZZATUARG ERENLGELE, RIANKREEZAHRAT L, /BT
— A THMARERBEG L RTXEAGHER AT AL T Es0%, GRESGZNEF
W2 M S R 5 K AFAE A LR 2 18] S B HARR A AT ARAZ & B B A A MALAMK S £ 5
RERIM BB OMELSHR A TEHRTREIGEAEIMA LTI RZEGEERBEE AGHE—A%
LR ERIGREA N S HRCAIARRZ DR T IR TR, EFERL, A A ATMRE R %
DN RAR L BRI LIDAR & =M B RBIEA LR BOER, XBLER AW, ZEARS A K

WA TP ES B AL e LS SR EREIFH 8% AL, S rEFEML, KRS
B EREEE S, zt%tm%i/\é’: >R B R,

KPR FMAMN; S x5 E; 5 REFIE; L RT XM ; LB E
FE KT P237 Szﬁﬂmiﬂﬁﬁ:A XEHS:1001-1595(2018)02-0188-10

EE&TH:-BR A ARAF AL (41471360

BB S s s BOCE 2. O TR TR RUE B R G . AR W A )
FL T B AN [E] DB (4 RO, A7 a0 B0 M R R AT A RO S AR R RO R W] BE B R Rk it e L £ = T O T
DN RS X R R R S — AL 5 A T I FRIBT HL 5 R AR K 9, DA I 75 28 %08 v, ) 2k B 3 1 AR



% 2

W2V, 55« 2 RS RRAE R B R W] 5k BB AL 3 168 0 0 vl 0 423 5 iR = 0 28 ik 189

Bl e I, T L R RURR DL R H At AR K
A AR T AL ) 4R 3 R — o R B AR

e Gt B N 38K Ty sAFAE 55 8 5 B R 50
R E IR G, TRk 28T
HE 18 B R N R 2 W et L 3K
LiDAR DL ARR /) 0 5, 9 H #7712 Hh v T A
T3k e, HLER LiIDAR 76 3 7 1 A 5% £ 2
WA A SR S R R A R R A
PO S0 R 3 T IR R RRIE . S
kL2, 6 1) FH AR R AR e SR B ) 4% 5 STk 7 IR H 2
R [ 38 i B A5 S, 43 5 H ) 2 RIAH 4 5 SCHR (8 3
b BT E R W IR Y e B 2 AR A R A B H
LRAEBE s SCERL9 T A = B8l 4 B 21 A JL AT 4y
TEIFHI T BELARARRS 5 5040 26 M 4 L L 3 LR B
HEFY) R YR s SCERL10 176 73 BT i = 3 55 10 i
Bl b BRI = 19 26 A JUATRHAE 5] B 25 JE — 2 1
23 [ S 55 BRI JointBoost SEH 54326 .

A IAESS gl Az ) 1R SO Bl AT 4
KAR D E WM AR N R — A1, SOk
[11—12 JRA SRR HL 7 S HE SR o 7R SCAR Bl
ARG m R Eh i B RE R,
BRL13 4t 7 — ARl & =S s AR A B s = 0 26
T35, SCH R SVML 36 25 00 1000 250 438 119 A8 %6 43 A L 3
F 5 JR ] K BE AL SN R bR SCfE B A
FHArE . SCHR 14 138 i+ g P61 380 A5 AU A 42 ) A
b BRI AR A R . L 255 MRF AR ip
R B 25 (8] B SO BORR B 5= L 2548 15
BT LA s R

X8 L ) 4 s v b R B S AR SO
TP T R AL AR AR S SRR B S R AR AL
A, j2/FE MRF_RF AL, HH F A a2k 510
SICANE 1 iR . B PR s A A ) 4 3 B A
2 RS 73 JERFAE , DL A 348 25 ) o5 B L 4B 35
1) JUARTIEARAT B, 5 422 36 F1) FH Bl ML 8% A 23 28 445 3 i
SR T 5 495 1 M 2% 43 A, T R AT SR B AL 37 45 A
VA S N S N oF R e R A
10 BE 1 RVER s B S R 22 A e R HOR SR/ b RE
i RS U AR LA
1 fad 2 ROEILHE 5 JS R AIE

FE 55, 25 MUE o3 ZE R A A 1 B8 b L R T B
[7i) = 2k S 1 P ) G Al o — B2 8 3 A A, DR O

SR MLSE 73 JE R AR B SE T 25 IR AR R AR
RIS 2 R HL B = 8 1 AR AL, AR S

R ke RBIGE SRR 732 AR ARS8 AR Sy T B R

AE ) S $ IX 3,
it ()

5 R4 & RS
HFAEI Gt HHE ] i

L — L Sy

: e A

! Fh |

’ X

e | Rk | B

i 4

NEE A

_____________ _*_______________I

[ x|

K1 LR A R BEAL o) JE AR
Fig.1 MRF classification model
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Fig.2 Schematic diagram of power line shape with

different surface features
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Fig.3 The extracting process of multi-scale feature vector
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Fig.4 The construction of neighborhood system N in MRF model
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TEHEW RGN % & H AdaBoost 5 ¥k Fig.9 The effect of different scale combination on
1.37%, classification accuracy of different classifiers
2 AEADKFBHMEREILIL(FEI,RE k)
Tab.2 Performance comparison between different classifiers (scene 1, scale k) 23
ik e EVIESS o
i SR ES
A E R K i 2% B R i 2% PERCIR:S LIRS
MRF_RF 99.99 99.79 64.70 96.86 99.25 99.02 99.76
AdaBoost 99.99 99.77 62.46 93.90 98.10 98.89 99.73
KNN 99.99 99.77 59.09 90.40 98.14 97.75 99.70
SVM 99.99 99.76 60.16 94.97 98.67 99.04 99.72
Dtree 99.86 99.82 63.60 72.12 98.61 97.42 99.62
£33 AEADE[IEEIIL(FFT1,ERE)
Tab.3 Performance comparison between different classifiers (scene 1, multiscale) (%)
% e CIIESS
A% Hii A% i % A% i %
MRF_RF 99.99 99.81 69.51 97.13 99.35 99.47 99.79
AdaBoost 99.99 99.80 68.14 97.44 99.36 99.32 99.73
KNN 99.99 99.78 60.96 90.25 97.92 97.99 99.71
SVM 99.99 99.77 62.65 96.07 98.95 99.09 99.74
Dtree 99.84 99.83 68.85 70.64 98.30 97.83 99.62
T4 AEADE[IEEIIL(FFE2,ZRE)
Tab.4 Performance comparison between different classifiers (scene 2, multiscale) Y%
1 1 LR CIWIESS
wiH BOIER R
PERCIR: S it s PERCIR:S A R A R bR ES
MRF_RF 99.99 99.82 75.15 96.70 98.83 99.52 99.80
AdaBoost 99.99 99.77 67.36 94.07 98.00 98.98 99.73
KNN 99.96 99.79 56.88 86.31 98.21 93.38 99.61
SVM 99.99 99.78 63.12 94.61 98.30 96.81 99.70
Dtree 99.50 99.85 73.85 51.38 98.43 97.26 99.29
x5 TEADESF|HNMEIL(FHEI, ZRE)
Tab.5 Performance comparison between different classifiers (scene 3, multiscale) (2D
ik CERe CIWIESS
WA B %
A [l % ik RS A [m] R it S A R AR
MRF_RF 99.99 99.79 74.33 98.10 99.43 98.82 99.76
AdaBoost 99.99 99.74 67.21 95.74 98.61 98.23 99.68
KNN 99.98 99.75 60.81 92.41 98.44 94.46 99.61
SVM 99.99 99.74 64.29 96.65 98.94 96.39 99.66
Dtree 99.76 99.83 73.47 72.36 99.04 96.4 99.52
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x6 ARDEFBHMEXL (BRI, ERE)

Tab.6 Performance comparison between different classifiers (scene 4, multiscale) (2D
HE B M2k
it F HIEH %
FENCIES e 2 FENCIES H 2 FENEIES L ES
MRF_RF 99.20 99.50 74.27 65.15 96.79 97.26 98.59
AdaBoost 99.99 99.50 74.27 94.35 96.79 97.36 98.26
KNN 99.47 99.16 57.81 49.79 72.17 91.97 97.76
SVM 99.83 99.04 54.98 59.92 76.34 94.89 98.16
Dtree 96.54 99.41 67.43 28.10 85.57 93.62 95.58

RT TEDEF[UEI L
Tab.7 Efficiency comparison of different classifiers

min

sy e% MRF_RF AdaBoost  Dtree KNN SVM
BATRTE 37.78 16.24 0.26 105.71  128.73

4 HiRiE

BEXTHLE A 2 BOde A SCHR T — ol T
PLAR MRS B R 09 5 2K n] K BEAL I B, T T A
NAGFI R I %75 T LA RO 7 6
Pyl TF I L 0 LIDAR H 7 38 261 B8 Jm Ak 3
RO TR, KRR T AW, REHIE
Hb W) 22 1) Jey R AH SR T DL A B NS
T X6F 52 2% B9 370 57 LA D BT Y 0 25 G 2R — i bk
Ao T )X G 1 0 2T B T R R RO R
AR i 2 0 AR B B i = i 2l 02 T — 2B R
A K
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