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Abstract; Accurately obtaining the building information in the hollow village areas is important for hollow
village renovation and research. With the rapid development of remote sensing technology, remote sensing
image resolution has been greatly improved and the ground targets can be obtained from high-resolution
remote sensing image. But the traditional methods based on low-level hand-engineered features or mid-
level features have great limitation in complex environment, especially in hollow village areas. So it needs
to use high-level features to express. Convolution neural network ( CNN) has become one of the important
methods of ground object recognition and detection. Based on CNN, a novel automatic building detection
method was proposed. Firstly, a multi-scale saliency computation was employed to extract building areas
and a sliding windows approach was applied to generate candidate regions. And then a CNN was applied
to classify the regions. In order to verify the validity of this method, the high resolution remote sensing
image of typical hollow village was selected to construct the building sample library. Finally, the model
for building interpretation was experimentally studied based on the sample library. The results showed
that multi-scale saliency can effectively get the main target, weaken the impact of other unrelated targets,
and reduce data redundancy. The CNN can automatically learn the high level feature, and the
classification accuracy ( ACC) of this method can reach 97. 6% . So the proposed method can be used to
detect building and it had high practical value to hollow village research and renovation.

Key words: hollow village; building detection; convolution neural network; high resolution remote

sensing image; multi-scale saliency test

eFs Hi: 2017 -01—-10 f& [0 H . 2017 -02 —23
EE£WB: “ T 0" EREBHE TR H (2014BALO1B04)
TEHE BN FB(1989—) 55 Wi+, 3% M g5 3 B2 15 A0 BORT (R B AR 5T, E-mail ; lizswjtu@ 163. com



%9

B A BT B G 45 10 45 O R SR AR U R T 161

5l

Bl 3K B Tl AL BB R PR e AR L
A Ml A S B, R A1 I
DRI NIRRT B R Ho P i 5 1 1)
R BT N D8 1 25 0 B B IR 8 2 1
AN I AR R Dl R R IR
PRI T AR VG K HUBER 25 AT S0 I AT
25 AT MR AR AT N T 7l AR i
25 0 MO A MR 25 0 Al AS T 2 J 245 SR
BT REI A G T EZ 5] S S 800
S 53 8 AT Ve L 2 AT B B B S 0 S
O 4 JR& 1 78 0 Al 28 0 R A A A T I H R
TR 9 AR BA B R 3 T 365 3R 1 % 2% B
HNE o PRI T T2 B A MK
R S 135 B0k 2 O B AT R

SR T 2232 1 T AR ) R A 2
DA S T R () 185 00 45 401 b R T L
O3 3 JE AT B 1 2 TR O3 A%, AT A AR IO iR A 2 Y
Berm BB LS R oy B IR AR AR S s D
B RE UM R B 1 Rl A v, R A0 A
FUpr BRI R AR ARG AT SR
R B S K ) RO PR T H LA 3%
By o SMIE K H R ) 52 3K U 3R B 1 3R
il 249, St 3% F7 5 RN T H LA 5 0 A I AR
ARBTG5 R A B ORISR AR RER T
faf A 155 23 REAR H 11 SRS 0 A 35 4 2 328 S 7 T 1 R
T, F A5 4801 15 43 5 1 e LA R 7 1 LA B
19 1 S AFL o 7300 400 1 5 B T 9 P
SRR YIRS L L0 03 5 22 B B R K W
BB 12 S S AR O3 B R MOR B Ry, R BT 01 8T
RN BRI W £ 75 43 5 19 1 4T R S0 1 3 S
5 28 R AR

A W B R 2 ) S R T 3 B AR VR AE
FEER YR h BAT — 1 R BRAE 33 e 3 T 3t P
27 TSI AR RS A B 6 A
[y Lo DR, 6 T ) 5 A 2 1) X B 1 T TR AE
20 KSR 15 B (O RCR o B VR 2 )
AR R JE TR J2% A4 b 2 0 25 A PELAR 5 26 L FL B A
[0 S50 A AT T — 3R 910 5 W P 5
AT, HINTON 45" A 2006 4 42 i I B 2%
> AR FLAT S S 23 R 7 2 LA 22 R 4 fi
i BEUR 22 X9 2 5 AL T B 1) K5 A 32F 1T 65 7E 5
O3 A% b M R O R S R . B REAE 5
MR S22 U O S A2, AR S8 3 4 BRI 22 90 24 3K 1
LA 15 43 JERE ) it — P T CNN 9 %50 b

il

B AR Y A s 2 o
1 EBigH=E

ACHET 2 R E R R
R = 43 s A% W) B SR ) 0 8 1 X, AR T B8R
TOA I B ES T HAl TE 56 H bR 2, 9K 5 )
B O R B B XA TR AR, R 2R
HbrkE A B, 5 J5 #2513 /) CNN 4525 4 SVM
BEAT 4325, N A TN A5 20 3 58 KN B B s . B
AR IE 1 R,

Z R R EAR I
E= R T

TOP-N &
£

X
I i

K AR
Fig.1  Flow chart of proposed method
L1 ZREZZ4HE®EN
AR I T AR 5 b A B ) B AR, SR

TR AR S IR PEARME AR A PR A 0 SR8 2R . W35
PSR AE R B AR B PP e R O R X Y e A, X
SR Y DI L T R R TP A RER A B
BEREBARGF h FIRAR . A SCEE 3 SCHR[ 12 - 13 T die
2 RO 25 1 (MS) K 7 HE ok R . 1 BN 2
BEAT WAV, A i A S I IX, SR 5 1 b 2
FIAERE DX N RAEREA L . 3 BLRE S 1y (p) SR A 3%
YRR R AR AME R p MR EE . FFE L THE s
RETHD o BREME, £iXN

MS(w,8)) =

: [ {pewllys(p) =0,s! |
2 Lys(p) ™

[pe ol Iys(p) =0ys!

(1)



162 & o Bl B ¥ iR

2017 4

o, 0y 2 i RO B E, il 0 A2 A RO s B X
WGRREAR O 1% (0K BE AT AL 3R A o X T B4
WGREAR T ARE s 5 RE VR 1, (p) FIEA
IR AR S o FE 4D S B ) AT AR SR A
(R REE VA S SN A RR I A Bus - SN 4
R 045, 3K

s lwNol
0,5 = argmax Z max
) wevmnloUol

At o YL O F A~k

A SCE X A = R AT R ORFE IRAE S
ZRBE T REXN IR B EE R ETIEITR
WERE, BEEMHE D o X2 WD E R TR
FELRIR (D) TR 10 0 0 R, i A e
B A R 5 A S 2 DX ke ) A A SR 1 ik
X, A RO FEAR T S TR IF Howkss T H A g o¢ H
Frsgmy , ARG E 1 . #EEF AW e 0
TEFG 3 Y = SR 3 X SRR T R FEAR R
1.2 ETF CNN 4%

LML M4 (CNN) 32 2 FE R 516 % | 46 ik
Fe FCATE ALl A A8 e iy —4E R . BT CNN
) A AU 0 2 38 2o I 2 B4k AT 2 2T, B DL AE
CNN ff, i e 7 5 = 0 e A 42 B, i B =X st DAV)IT 5
Bl b AT 20 5 BT IR — R A e S TR b A 28 0T
AE AR, BT A 28 0] DL IEAT 5 2, X Al /2 45 B 2%
X T 0t 28 T A LM K O 4% 11 — A T

FRAE 2 BOUR X 1505 BdE 1T 4, 19 8 — 41 nf
DI IR 52 AR R AE ) 1, 2 R 00 2 0 G B, FR AR 42
B e T R m) R a5 . X T8 i 5 f e 55,
— e N T H AR R AT LAR S B0 1 o R A5 (A T
E# K, 80 R A%, B 0 % 5w a3k @ & 55 sk
Bt AR 2 W R AE, B 4n HOVW  STFT,
HOG %5 7845 & 1 2r X AR BT & v B B3
Heo BRI, 250 b P B 2 S 08 Dl s o AR, 5
A SR B 2 e ROK, S DG IS AR ALK, IR i
IR )2 R Y e AIE 48 O SR AN . Bl TR B 2 2 TR
A 3 2 A O 1 R O S 2 B 5 2 W RRAE AT
PIAR Gy g 57 R 215 5 31 208 U i o6 &
AT FRAS 2 5 0 1) 5 J2 UK R AIE , BB A% B 47 M 3R 3k =8
DR,

6 PPl 22 W 25kt O 1 S X R AR BORE B =t
YN ZRE R 2R 47 2% >, 5k (45 45 B 48 ) 2% B &
A At 3 T bl 22 45 1 A 2R AR G A A5 A EE A
F A R FRAE B2 BT R fil 5 i 2 )2 IR A% B
A A B AL BORK BE ] A, e i EL 4 F T A 3L T &
By syt AR UG B 7 A IR G A
P15 R0 I 25 1 0 FI 45 74 BB AR 47 W) & R fiE £ CRIAR

(2)

Ao SR F HEAT , FF: [R) IS A2 I 2 v 7= A s A 3G o ]
AR A 19 265 A 11 5 2 00, 18 i 2 0 245 245 g 78 A B
BT R AE TR O SRR I 2 T 2 ) 2 4
W LY 3 2 R AR SR IUZ R AE B 52 LR AR
WALZ 38 i HE R 2 A FEAS R 2% 45 4 0] LU B — 4>
WRIEERM L

(1) FRAEFRIBUZ « Fr Ak 42 BUZ 19 7F F 2, B A4
LU 5 AT — )2 1 JR I B ARG O S UZ
FEBERALE o BB A SRR T — A 4R, K
INJg oy <o, B — Al 2 i ad 98 A 4 K, RSF o
wxw, W HFEFTHEREBE, L NP K, AR —1
KKy —w)/L+1] x [ (e—w)/L+1]HI%H Y,

yizbi+2 kij*xi (3)
L x EEAVIIUE TN
k,,—%ﬂj\*z?ﬁ;‘%(
b,——1hi 22

# FE7 A BB T, B UE AR X N — i RE E 1Y)
FHAE

(2) FRAE RS 2 A — A 3F 20 18 ek RO 3 98
J2 1Y 45 S AT Wl S ke DR AIE 4 AE A RPE , 15 3 4R AE
F,

f,=3(bi+2kiixi) (4)

A, & J2 WO R R, BT B BT R BCA tanh
sigmoid FlI softplus, tanh pREY 2 sigmoid pR %Y A — Fh
AR U B [0, 1], 245 1F 500 ReLU™™
55 AR W i 28 50 32 R 8 TR AR R B O 0, T HL
HA — @M g e, TR A A B TR IHOR

(3) FRAE AL )2 : 330 b AT DA o 45 B A5
TIE LA S5 ELH A A I SRR AE I 25 0 2R 4%, R 1 — >
SR/ AR 2 B Y R A 48 AR R 0 B
HEING DR RE 5 i 5 (overfitting) , P
LR AE AT WAL B A, R R R AR F B
FRAE 8 2 B R/ moxom BRI RS X3, SR 5
Ge it i 2 X I - 2 E (Bl R AE) VR 8 1t Al e Ak
P, R FI[(y-w)/l+1]/mt x{[(c-w)/l+
V] /mb o WAb S B R AR 4 B2 R K AR, 3 56 1 o 40
AL H R H

ASCH FH Caffe fE 227 %} KRIZHEVSKY ™' 42
Y AlexNet #E47 1 Il 25, th T A SCHEFE Y 22 — o0
IR, PH K AlexNet [y FC8 )2 1T 2 43 26 i i X
T 22 B 2 AT R R - CNN'2 4y
K.

B HRAERIREA B 58— Ty 256 1R R x 256 {3
2 LINE R ARG CNN R 2%, 454 SVM 732K 4%
HEAT O3 28, OF X5 &5 SR A7 bR ac , 52 B A SR ) 1 PRk



%9

R A ST BN 4 Y 2SO R R A SR A I O Tk 163

SRAEREABR

R

B

T CNNAFE

EEA By

B2 ki R - CNN 2 KR FR
Fig.2 Improved R — CNN classification process

Rz o
2 ZB/WESH

2.1 XLIHHE

AIF S DAL DU A AR T 35 22 4> SR 23
PR o SE38 2R TG AN BLAR B 70 245, 25 18] 73 %
R 0.2 m QB LG T 46. 48 km® . I 2R
A X o3 S HE R R B AT L E R T IE A AR R BOR %
B o AN SORI T H R AR R 00 7 1, D A Tl SR 26 B
FTARE T REIEFEA Il i Bif5 5507 X
FETREASKUE  FEA AL T A5 O R DX A Bl 5
i %%Iﬁ*i *ﬁ@ﬁ%m#ﬂiéﬁgﬂﬁ

(a) IEFEAS

s

Ilﬂﬂ"l 18 AN
WAEMEL EEER T

iﬁﬁﬂﬂ A PRI 22 00 45 RE T TR 2 Ul 3 i i SRR A

REAE 72 52 15 I 5 M o L AR O UM 1 6
ﬁjﬁﬂ{ﬁﬁﬁi{ﬂ/ﬁﬁfﬂﬂ%&mo Xt F R AR R
A SCHIA AreGIS H1F 3 2o B AL 128 By J7 307 =5 0
IR AR IO R 5 57 SRR AR, SR i i T A 3
7 e USRS ASI ) 22 50 R, A 3 1 AR 310
PIREAS TP 2 U i et 2 15 B4R &, REAR
f14% RGB 3 A~ B, - 1% M8 o vl LS A% X BE AT 77
fitt IR 0 AR R AR o M T YRR AR T 4
TR IEFEAS 5 000 4>, @ HY T FEAS 10 000 4,
A FEAR B4R 256 1R R x 256 R K o FEA R
niE 3 pros .

(b) fkE4

B3 WA R B
Fig.3 Samples of building sample library

2.2 ZHRHER5HIF
9 T WA S T A RO, B T HOG 45 4E
Je BOVW 5 AE 76 4 12 (1 RE AR P v 64T T 28 U S2 o
A S R YL 9 A Sk AT A R A A TR R
PEMFE FR A R 1 R
1R E X

Tab.1 Related indicators of confusion matrix

il

Jbr #it
1 0
1 T, Fy T, +F
0 F, Ty Fo+T
A1t Tp +Fp Fy+Ty Tp+Fp+Fy+T

Fo T, 375 K 1R U O 1E 2R 805 T, R 17
SRP T F o 227 K 0 28 WU 0 1E 2858 F
TR IEJE TN 0 K [l E SORG R P, I
WA A A ER R, Ny

P i 100 % (5)
R
T, +T,
= 100 6
T, w1, +F, v F, < 100% (6)
P
=g X 100% (7)

P

SR S A 1) 4 AL (SVMD) A5 D 43 22w, R H
LV ek K, T L2 GE AL P 7 BRIR 22 12 1

N



164 £k Bl M ¥ i

2017 4

P R g N B 10% BIREA (1500 4)
F ML, LRSS T : HOG . BOVW FE4E FI CNN
FRIE 22 LIk S AE S 50 {°C7: 80001,
[£C”: 6000} F1{C’: 3000}, K42% C FMH
6 — fold (6 L3 ) 38 LEGUFARAT o & T Y TR ¥ L
W2 iR

2 BRIEERKE

Tab.2 Confusion matrix

HOG BOVW AR CT7
- Y ARy Ay FESY &Ry Y
R Y) 376 124 431 69 489 11
e sy 189 811 117 883 25 975
P,./% 66. 5 78.6 95.1
R,./% 75.2 86.2 97.8
A% 79.1 87.6 97.6

M2 ] LUE ) ARZ R HOG RAE 43 25
BN 79. 1% , v JZ UK A 1) 4% 455 0 43 28 i 7ff 2R ] LU
K F] 87. 6% 1M A FH A BBl 2 W 45 1) 43 25 HE B 2R ]
PLAH] 97.6% . UL T % BURFAE X F B b5 B A 1R
L 1R B RE TT o

AR SC A 2 A i 20 N 45 AR T ST AR T
T AR AR HEAT AR AR SR AR 14 DX S8 P EA T AT, 52 56
25O A IR N I T 4 SRR I X R - 4
b B AR 5 A IS P A 7™ B DA S A A X, O
TIANEEUT 2 AbAE 7S O A X8 R A R AR AE R R B S
5, 4 iR,

LU LT Caffe FE22, i I 19 J& Intel i7 6700K
CPU, 16 G P17, GeForce GTX 1080 GUPs ffj T 1f

-

(a) 204

(b) AE75 0ot
B4 SEEm X

Fig.4 Experimental areas

o A AR RTINS W S R

) FH AR AR 3 1 S SR AR ) 5 ik R S AR AT T
Ay XA 5256 . fnl&l Sa . 5b 5 Se iR, fEHLIE F
BT 3 ST IO A Y DX RT AR A B AT A A T
iR HEXT T Sc, B T bR RE K, R
WP, SR BCR A, A 5d 5 5 TR,
XF T B AR A R 25 R S L E S, R RESE
A DN LR AN A o AR SOR R A B S X SRR AT
T YR H G R I R AT, AR SRR O i
AR MER R0 LA R 81% , W% 07 vk BA B 1)
PO HE A %

)kt [ Rt
B 5 ASTa] DX 3 A I 45 2%

Fig.5 Detection results of different areas



%9 1) BB BT A BRI 2% 1) 23 0 R e 20 5 A S AGL DN Oy 1% 165

3

73,

16

17

19

20

s iE W2 4 T — i T A0 A R AR A )

RN Tk o %7V AT LR B e R0 AR Y s 0 A

BT RN G E TR, L ST, X T 230 R 2 F 5T B A e 9 S
DY RIPSEOAPAIE S E A S A e L e A 2 /[ [ 8

& % x Wt

PREAR, PN R ERE. A [ IR R X A0 A S 5 IR AU [ ] M3 24412 ,2010,65(6) 727 - 735.
CHEN Yufu, SUN Hu, LIU Yansui. Reconstruction models of hollowed villages in key agricultural regions of China[ J]. Acta
Geographica Sinica, 2010, 65(6) :727 —735. (in Chinese)
SUN H, LIU Y, XU K. Hollow villages and rural restructuring in major rural regions of China: a case study of Yucheng City,
Shandong Province[ J]. Chinese Geographical Science, 2011, 21(3) : 354 —363.
MAGGIORI E, TARABALKA Y, CHARPIAT G, et al. Convolutional neural networks for large-scale remote-sensing image
classification [ J]. IEEE Transactions on Geoscience and Remote Sensing, 2017, 55(2) : 645 - 657.
ZHANG L, LI A, ZHANG Z, et al. Global and local saliency analysis for the extraction of residential areas in high-spatial-
resolution remote sensing image[ J]. IEEE Transactions on Geoscience and Remote Sensing, 2016, 54(7) : 3750 —3763.
LA RFIE R, S ARG IR G R EJ/OL]. R LI ] ,2015,46 (2) :247 - 260. hitp: // www. j-csam.
org/jesam/ ch/reader/view_abstract. aspx? flag = 1&file _no = 20150237 &journal _id = jesam. DOI. 10. 6041/j. issn. 1000-1298.
2015.02.037.
SHI Zhou, LIANG Zongzheng, YANG Yuanyuan, et al. Status and prospect of agricultural remote sensing[ J/OL]. Transactions of
the Chinese Society for Agricultural Machinery, 2015, 46(2) :247 -260. (in Chinese)
LETH A, LEH M, DINH T P. Feature selection in machine learning: an exact penalty approach using a difference of convex
function algorithm[ J]. Machine Learning, 2015, 101(1 -3): 163 - 186.
LECUN Y, BOTTOU L, BENGIO Y, et al. Gradient-based learning applied to document recognition[ J]. Proceedings of the
IEEE, 1998, 86(11): 2278 —2324.
SHIN H C, ROTH H R, GAO M, et al. Deep convolutional neural networks for computer-aided detection: CNN architectures,
dataset characteristics and transfer learning[ J]. IEEE Transactions on Medical Imaging, 2016, 35(5) : 1285 — 1298.
/TR AR PR L 5. BRG B2 R BB M2 i i o A5 5 432 T ). 2z 4R, 2016, 45(9) 1073 - 1080.
HE Xiaofei, ZOU Zhengrong, TAO Chao, et al. Combine dsaliency with muti-convolutional neural network for high resolution
remote sensing scene classification[ J]. Acta Geodaetica et Cartographica Snica. ,2016,45(9) :1073 - 1080. (in Chinese)
TAYLOR M E, STONE P. Transfer learning for reinforcement learning domains: a survey[J]. Journal of Machine Learning
Research, 2009, 10(7) . 1633 - 1685.
HINTON G E, SALAKHUTDINOV R R. Reducing the dimensionality of data with neural networks [ J]. Science, 2006,
313(5786) : 504 -507.
ALEXE B, DESELAERS T, FERRARI V. What is an object? [ C] /2010 IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 2010: 73 -80.
HOU X, ZHANG L. Saliency detection; a spectral residual approach[ C] //2007 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), 2007, 1 -8.
ZHANG Q, WANG Y, LIU Q, et al. CNN based suburban building detection using monocular high resolution Google Earth
images[ C] /2016 International IEEE Geoscience and Remote Sensing Symposium (IGARSS) , 2016; 661 - 664.
LAWRENCE S, GILES C L, TSOT A C, et al. Face recognition; a convolutional neural-network approach[ J]. TEEE Transactions
on Neural Networks, 1997, 8(1) . 98 —113.
CIRESAN D C, MEIER U, MASCI J, et al. Flexible, high performance convolutional neural networks for image classification[ C ]
// Proceedings of the 22nd International Joint Conference on Artificial Intelligence( 1JCAT) , 2011; 1 —41.
A, AP B — A, S BT IERS A T W T ANLR BB A5 BRI B [T/OL ] gk AL AR 2% 4R ,2015,46 (12) 1274 - 279,
284. http; / www. j-csam. org/jcsam/ ch/reader/ view_abstract. aspx? flag = 1 &file_no = 20151237 &journal _id = jesam. DOI.10.
6041/j. issn. 1000-1298.2015.02. 037.
LU Heng,FU Xiao, HE Yi'nan, et al. Cultivated land information extraction from high resolution UAV images based on transfer
learning[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery, 2015,46(12) :274 —-279,284. (in Chinese)
LI Y, TAO C, TAN Y, et al. Unsupervised multilayer feature learning for satellite image scene classification [ J]. TEEE
Geoscience and Remote Sensing Letters, 2016, 13(2): 157 - 161.
DONAHUE J, JIA Y, VINYALS O, et al. DeCAF: a deep convolutional activation feature for generic visual recognition[ C] //
Proceedings of the 31st International Conference on Machine Learning, 2014 . 647 - 655.
GHAFFARIAN S. Automatic building detection based on purposive FastICA (PFICA) algorithm using monocular high resolution
Google Earth images[ J]. ISPRS Journal of Photogrammetry and Remote Sensing, 2014, 97. 152 — 159.
(TEE 110 7T)



110 | 1 R A= 20174

20

21
22
23

24

25

26

Transactions of the CSAE,2013,29(8) :36 —43. (in Chinese)

A 2, FB AN 2 OB BE AR A b TR IR AL TAE SBR[ /0L ], A HLBR A=K, 2012, 43(12) :56 - 61. hitp: /
www. j-csam. org/jcsam/ ch/reader/view_abstract. aspx? flag = 1 &file_no =20121211&journal_id = jesam. DOI;10. 6041/]. issn.
1000-1298.2012.12.011.

ZHAO Wuyun,GUO Kangquan. Parameters optimization of combined spiral bar tooth thresher for maize seed[ J/OL]. Transactions
of the Chinese Society for Agricultural Machinery, 2012,43(12) :56 —=61. (in Chinese)

KRR BUR T R A F PR AL 052 [ D], PR A - Pk BA ARk K 2 ,2013.

SONG Xuejuan. Design and study on thresher of soybean seed with double-drum[ D ]. Shenyang : Shenyang Agricultural University,
2013. (in Chinese)

FEYEMG. M RR Gy E R T IE 5 A AR Bk B[ D] M PR PR AR R A% ,2012.

JIAO Weipeng. Study on mechanical characteristics of typical soybean and design of thresher with combined roller[ D]. Shenyang:
Shenyang Agricultural University,2012. (in Chinese)

B, WA R AR BT S BAR A B M ] 65 Al Tl AL, 2008,

TE# R IR BT AR [ M ] b st - B2 1 AL ,2009.

SINGH K P, PARDESHI I L, KUMAR M, et al. Optimization of machine parameters of a pedal-operated paddy thresher using
RSM [J]. Biosystems Engineering,2008,100(4) :591 - 600.

BRI R B, IS R, SF . R T R T 92 P A 1A R AR LR B I AR BT LT/OL ] A HUAR 27 4% , 2013, 44 (35 1) 2)
57 —61. http: // www. j-csam. org/jcsam/ch/reader/view _abstract. aspx? flag = 1&file_no = 2013s212&journal_id = jesam. DOI;
10.6041/j. issn. 1000-1298.2013. S2.012.

KANG Jianming, CHEN Xuegeng, WEN Haojun, et al. Optimization of comb-type cotton picker device based on response surface
methodology[ J/OL]. Transactions of the Chinese Society for Agricultural Machinery,2013,44 ( Supp.2) :57 —=61. (in Chines)
WO, = R IV S P TR R DRk B PO S [ T]. R AU AE R, 2011, 42(1) ;74 - 78.

DAI Fei,GAO Aimin,SUN Wei, et al. Design and experiment on longitudinal axial conical cylinder threshing unit[ J ]. Transactions
of the Chinese Society for Agricultural Machinery,2011,42(1) :74 —78. (in Chinese)

REHK, TR, AEE, S 35 BOBOIAS: 18 ORI L 38 453 2% ma B2 23 A7 [T 1. Al LB A 4R ,2011,42(8) :89 - 93.

WU Chongyou, DING Weimin, SHI Lei, et al. Response surface analysis of pickup losses in two-stage harvesting for rapeseed
[J]. Transactions of the Chinese Society for Agricultural Machinery,2011,42(8) :89 - 93. (iin Chinese)

(#5165 IT)

21

22

23

24

25

26

27

28
29

30

31

32

33

HUERTAS A, NEVATIA R. Detecting buildings in aerial images[ J]. Computer Vision, Graphics, and Image Processing, 1988,
41(2) . 131 - 152.

GIRSHICK R, DONAHUE J, DARRELL T, et al. Region-based convolutional networks for accurate object detection and
segmentation[ J]. TEEE Transactions on Pattern Analysis and Machine Intelligence, 2016, 38(1) . 142 - 158.

CIREGAN D, MEIER U, SCHMIDHUBER J. Multi-column deep neural networks for image classification[ C] // 2012 IEEE
Conference on Computer Vision and Pattern Recognition (CVPR) , 2012, 3642 -3649.

OQUAB M, BOTTOU L, LAPTEV I, et al. Learning and transferring mid-level image representations using convolutional neural
networks[ C] // Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2014 1717 - 1724.

YANG J, YANG F, WANG G, et al. Multi-channel and multi-scale mid-level image representation for scene classification[ J].
Journal of Electronic Imaging, 2017, 26(2) : 023018.

WEI Y, ZHAO Z, SONG J. Urban building extraction from high-resolution satellite panchromatic image using clustering and edge
detection[ C] /2004 IEEE International Geoscience and Remote Sensing Symposium, 2004, 3 2008 -2010.

REN S, HE K, GIRSHICK R, et al. Faster R-CNN: towards real-time object detection with region proposal networks[ C] //
Advances in Neural Information Processing Systems, 2015; 91 - 99.

SCHMIDHUBER J. Deep learning in neural networks: an overview[ J]. Neural Networks, 2015, 61, 85 - 117.

MAAS A L, HANNUN A Y, NG A Y. Rectifier nonlinearities improve neural network acoustic models[ C] // Proceedings of the
30th International Conference on Machine Learning (ICML), 2013, 30(1):1 -6.

JIA Y, SHELHAMER E, DONAHUE J, et al. Caffe: convolutional architecture for fast feature embedding[ C] // Proceedings of
the 22nd ACM International Conference on Multimedia (ACM) , 2014 . 675 —678.

KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagenet classification with deep convolutional neural networks [ C ] //
Advances in Neural Information Processing Systems, 2012: 1097 - 1105.

GIRSHICK R, DONAHUE J, DARRELL T, et al. Rich feature hierarchies for accurate object detection and semantic
segmentation[ C] // Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, 2014 ; 580 —587.
HARRINGTON P. Machine learing in action[ M]. Greenwich, CT:Manning Publications, 2012.:116 - 133.



