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Abstract : With deep learning applied to object recognition of remote sensing images,a method of object detection for rural
buildings based on convolution neural network is proposed in the paper. The improved Faster R-CNN network model is
trained in an end-to-end way and applied to rural buildings with the rapid and accurate identification. Specifically, the
method mainly includes region recommendation based on RPN network and convolutional neural network model training
based on Inception v2. In order to train and test the improved model, the remote sensing images of rural buildings in
southern Xinjiang Region are collected by UAV ,and the data set of rural buildings is established by manual labeling. Finally,
the model is validated by the object detection of the data set with TensorFlow deep learning framework. Experimental results
show that the overall accuracy of fast and accurate recognition of UAV remote sensing images based on the improved convo-
lution neural network object detection method exceeds 90%. By updating the initial parameters,the model converges faster,
which has a certain reference value for the classification and object recognition of UAV remote sensing images.
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ZORHE Pl ERH SRR R AR BN T & & AT 295 20 A 46 R ny 5 By st
VER—AN T AL R | 22 B SS Rl A 3 DX A S5 L B PR O T 1 3 22 4 2 S ad i g 3R
RS TR ST, T DL TR N E R AR AR OO, T 4471 A 322 4 A 07 i b DA 2 R IR A 2
AR E A .

Bifi 25 125 43 SR T WL 22 B¢ (earth observing system , EOS) Fl H &) H 7 HU5] R 4t (automatic target recog-
nition, ATR ) i & i€ , 5 73 B AE B AR 1Y HAR I A TR KWL i i B AR O ARTS1 AR RN A7
B NS R A Sl IS S TR B TR B MER]. B, BT R PR
JEFEAR I B ARR BB B R L [ 3 SR AR N (] R 25 ) 2 3 SR A 4 8, o 9 15 B A 1
SIS PPAS B I 2 A St T R B . B 1R R R I R R B B R B 5 R TR T
HE T I o 1Y 1 RSB AR AR A SR i TR 5 AR A ARSI B T RT R T TE AL S ) L
RENMENA REREBIN T TR BN AMF B, TR B i [a] J 905, 6 7 kb T0 & DR R R AL I [ 45
JE R T R AR IS AR M B AEAL AN | I Wl P T e 6 S A Tl ke 35 BRI /R

H ARSI SR 8 SR R HE S T i@ B AR b 428 B k20 7R H ET Y H] H AR
W7 , AL T Haar FHAE' +Adaboost 57:7%  Hog FFAE+SVN 1317 1 DPM B3k S AL 5 5710, [
Af i R T 2 TR B o] BB R B AR AN 7 v 12 1 B3 R two-stage il one-stage PRI 55015

2013 4F Sermanet P 2519V 2 11 Overfeat 235 th i FH BG4 0 M sh 8 17 5, 454 bounding box [F]
H, R 2% B T EALRE ST, Al T HARAS I [B] . 2014 4F Girshick R SR8 H T 56T X1
R4 BB 22 B 25 (regions with CNN, RCNN) , 38 i )" A= 55 2 50 0 O B DXCICHE R | ol FH 45 AR M 28 I 2% A7
TEBRIR, $5c 5 TG 5 28 0 A etk SV Sk i ide X WA T 4326110 (R I 46 2R UG S AR/ 2.
FRRZIR)EE, 2015 4F He K M A5$2 1 T SPPNet, {5 P 2855 A0 [T 7€ K/ il i 7E 4% 42 EImA—J2
23 ) 4 F 35 WAL (spatial pyramid polling, SPP) 7 Az [l 5 /N HRFAE , {5375 0 44 7T LUK BAT 28 RS A G491 7Y
B R e A BIVERE R B L. [A4F Girshick R $2H1 T Fast R-CNN W44 {f B 24T 45 45 2 1
AR T BT )2 IS S T PR RE . 2016 4F Ren S Q S8 A4 T HE S S AR
Faster R-CNN , 18 13 FH X 3 ## 1L X 2% ( region proposal network , RPN ) {885 J5 5l i 5 DX a4 | (A4 1 1Y)
A e DX S A A TT R, [ A ] S e RRUZ 228, il 1 B 5 2% 190 2% 7 [i) S5 B 1 v A DO 3 B
P DL R BRI [ R4 DA 7 A A0 308 DX sl RI K % 2 X 3 3 2 BN B B, JB T two-stage K
1. 1M 2016 4F Redmon J 542 1 1Y YOLO 55330 ok — M 28 00 2466 B 275 38 i SUATE LK HL T g ) 2 E 32
5 BRI AR Ay a1 (R R, p ARG I Ao R ol P B — P 286 PRI I P 2 4647 0 21093 ( end -to-end ) ARG 4 FiE
PeAk, K4 R 7RI E Y (XN E AR I 25 SR A0 2%, 2016 45 Liu W S 82 19 SSD MIZg 1 Jin 17 2 R
JETI , 4038 T /0N E ARG I A AN R T A B AR X 4R L 328 one-stage A6 I AS T B2 R A 4 1 X
SR IR , A R AR S O . 5 S B IR SR AR ST B AR BOSC H BE L R
K EE TR, A SCEBELL Faster R-CNN I 2% Sy SR T4 s RS040 9 E A Aar T

VLA R 2 2] Bt 2430 F T SR s s U . st A5 B AR PR
Bl LetNet—5 P45 $2 5 T 18 70 BERIRIEFL R B AR IS0 MRS AR, BRSCRED) i G Y CaffeNet it
AN X HE ST AR T 02, 0 NG E N 95%. Audebert NU'™) 25 fifi VR JBE 42 35 U ) 25 b A7 8L S0
R | DA [7) R 45 B 19 26 AR 22 X 245 43 S0 T AS [ RS I e 540, A9BSR T 3B A R . Saito 8145
BB B 2 W25 R 1Y softmax 4325 3 18 9111 ] 22 4328 ( channel-wise inhibited softmax ) #FATCES , SEFL T
T8 BGUAR TSI F ShHREL. Bk i 07 S I ) Yo B2 5 VR 2 2T 1) T 1 o e LR b ) 3R A T AR B
R T B M TR A T R R S P R — P I 2 A A R 28 N 46, A TR B 4 AR 26 I 4% (1 1 v
T AR S FH AR ARG 5, SCIUER SR Y A SRSB4 . E IR AT ST B IS T B R IRIROR (B
S B RS THEAS T ATF S 3 AR5

FET I AR SO H — i BT RO 22 I 245 1 B R AR AN SR B AR 300k | i 38E 5 T Inception
V2 ZEHXS Faster R-CNN W28 ATk ik | L2 B2 S50, W/ 28 S HOIE 42 55 199 2% 1 1 BE , 7E Tensor-
Flow TREE2 I HELE Filb 47000, A4 S 80T 5 HAb W 25 AU e o B 10 25 R 3R B Blcitk 5 1Y Faster
R-CNN 450 A B SR AP S PR oy, BAT— 2 L.
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1 T Faster R-CNN [1% H ksta i

Faster R-CNN j@i i % R-CNN  Fast R-CNN #E4 7414k, 8 RPN AR LATERY Selective Search 5317 o
ey 3 g e DX 3, /i e E A R, S 1 B e ) AR A DK B8 B R A R BE . AR 1 B 5
BADIEPIR Y : (1) IXIREITRIE A E BURIZE, (2) Fast-RCNNH2.

PRSI
HBRZ FHIER

X,

h 4

Ik
HERAIT )
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"| R-CNN

El1 Faster R-CNN M%&)
Fig.1 Faster R-CCN network structure
1.1 XM (RPN)

RPN & — LIRS ]y BEfli i 4 25 AR 4. FLIEACLH R 0 (B AR Ak A sl e %50) 7 T AE
SRR AR, AR X2 ] AR B AR IR 23 S8 22 )5, 1558 B MR A RFAE. 7 E BRI 1) f
o, B F R AV VEAR B2 Y BRI B 5 AR OR B AR A RE B A A I k. LUE R/
MIESEAE RPN (%A i — 2 AR A, B X0 A RE# A — 4~ HFRf343, H 5 Fast R-CNN H
PR ) 2 2 52— A FHZ . RPN 2 H AT A G i 5 8 IX S ER IO 12, B A IR 10 e E HE £ it A
Fast R-CNN [ 2 000 ™/ 51 300 4>, 98> 1 HH 8], S 1 RIA 0GR, (R, 32 /0 26 ] F000 45~ 07 1)
H bR3 FEFIRE R 70 28 w3 B I 25, RPN A] A= il sy BT s e B Ay 10 Ao 0 o) 2 e 2 — 21 34
FUZ RPN TEIL S AR 2 1 fefo i S BURAE I BB 3l — /N6 i A BT 112 3% 3, i 21— IR 4y
ik, LA VGG-16 i, i F 55 i th B FURRAE B 512 4k I A IR AERRAE B A 512 4k | P AR R % 42 3]
AN 2452 43 0 PSR FAE [B1H (G 067 ) R FAE 328 (43 2) .

324 T anchor AL, RPN AT LI 4% i RUBE B AN Rl 9 L 9 H AR AA. anchor HIL Y RUEE D 1282
256 5127 K FELA 201 101 120 X RREANHT S 11, AT 2 A A 9 RS [R) RUBE LR 81, 9, 1 X 543 3
T S F A XSRS, ) S B H 22 BT 4k At AR kN B SURE A AR bR . T A 4328
J2 g U2 2k, BZ 5 h H AR YR AR, FEA SOl TALE 9 Fi RUBE e A DX SR e HE , D & =
9. 7EYIZR RPN (3 b | 5 2R 43 IEUREAS A PR B0 AT LAARIC R IEAEAS : OX T84 X8k, 155
5 SR LS FAE A 58I L ToU, B SR {19 anchor FRiC A IEFEAS ; @ToU KT 0.7 MFEASRIC N
IEAEAS . SRR T A~ X IR A X — AN IEFEAS. T ToU {EAIK T 0.3 /9 anchor BEARic h fiFEA , #5—4
anchor BEARMARIC A FEA MR PR IC A IEREAS AN R 2 I Y.

TEVI 25 RPN Wb R rp il T 0OREAS 5 K28, 40 T A 1Y anchor #EAT 04K, 23 (5 H Qi 7] T~ S AR A K
TR 5K EUE TP BB HLIE L 256 > anchor, AV IEAAEA LA 101, 25 IEAEAD T 128 4>, W I AR A B 7
TRUEA 1% 256 1~ anchor F T-Ill%k.

1.2 HREMENE

AR CAEYN S Fast R-CNN R 28 B, SR o5 FH 9 9508 /0 )11 2k B8 o B ) g 3891 3 1) Y1 25 7 X (end-to-
end). Faster R-CNN #2/it 3 Fj1i)l| 25 J7 3K ; Inception . ResNet . NasNet , X i AS 7] /)N [0 28 4 70 AR SC 346 %
GoogleNet Inception v2'** fI Ay YII i X 45 25 ).

Inception IRy T WAL VGG ML AR —E BRI LR REMRL AT A 013, DL FEARIN A 53Ry
TR, b Tl SR A HAT S AR T IR S R 22 2%, GoogleNet S T )2 58 , B4 1
JRETUZECH RYHE i B TR A BRRTE R, 15 H R B ), WA BRI S B bR, i/l P B 2
5% (internal covariate shift) [A]5 ( RIFEYI LR 2% pad B rh | 42 A AR SRR — 2 S50 A8 1R i el
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AR EASME LIS 1 — M RN EZR R AYAEAD ) | Inception V2PEIRERI A T #EE A (batch normalization, BN) J2,
fifi B — 2 % B AL, SRS, W&l 2 iR, 208 VGG s 45, T3/ 3x3 BB T IR5E 5%5
AR, TEOAFRSZBFREOLT b 1T 280 1 1 I ZR AR MERak AR T, anl&l 3 s,

| Filter Concat |

Filter Concat

[3x3] [3x3] [1x1]

1
1x1 |_l>ﬂ Pool 1x1

B2 BitE Inception MLELEH

Fig.2 Improved Inception network structure

RPN Fll Fast R-CNN :Z24540F , #8125, B
S 25 RPN, T2 18 LB 25 Fast R-CNN, 485 /7\
FH Fast R-CNN A9 /W 2% 2 50 w] iq 1k RPN, Jf 8 & 1% / / A /
TR IZMEK R ZIRIR BB R 2, $EHUS B W RRE B / / / 7/
B, A R FRELT H AR / \/\ / \/
2 EREAE BRI S~ ——F—+
2.1 HEWALIE // // \\ // //
RSB R N EsE ssEgy L L L\ /
A 2018 4E 5 5 H T 37 58 1= 1 55 = U [%) A 47 B3 BREEL
ﬁﬁiSl ﬁﬁ%ﬁ% CW =20 E%:‘é%]\m%ﬁ%ﬁ Fig.3 Changes in receptive field
). L WAL FEAS RN G RS A 7 3604 912, 43T 386 M IE B2 A% , Hon] WG4 0 HEK 1k 0.05 m. B T i

BSEAG RSO, HIEG BB TR, 15 5032 , 7% 18 B 50 I 1E SRR AS 1 Lo ], 0 A7 3 > 5
IEN TR, R ER g I R & A Bk, B B IS s AR FE 3 B2 b X X 2038 JBG R T
BYEL, IH—Ab R 500x334 R Z I EMR , FRAG B A2 2Lt 1 400 5k B R, Y 2R S5O AE Lol 401, ff ]
Labellmg # X BE 347 N TARTE.

S VOC2012 IEE AR =, BT IR 43 3 #8453 : DImageSets/ Main/ PR A7 T HAEHR LR 5],
Ho test.axt A0dE TIHRAER A RG], train.ixt 0455 T IIZRE R IEA K RS trainval . oxt W2 & ES
@ Annotations {547 T 25 80E ,xml A SO RS T UIMAR AR ZS - R B RS kY bounding box AR (4
FEVO P AERAE ) ; IPEGImages fR-AE T 181 N4, Labellmg R4 U HEJE Annotations H1Y xml I
2.2 HEE iRk

A F A SIS AE TensorFlow TREE2: I HESL AT, %5 26 A & 11/ TFRecord Format. TFRecord #% X
SIS T Protocol Buffer” BE iR 1 5, ¥4 45 A0 AL B8 5 AL 2L T XML, DA #E B0 S i 476 114
TFRecord 3UIF H 5 HI— S WAFS, IWAE— U388 — > Z ki SR RIAT AT 2448 VOC2012 Bl 4 — %
A, X R Y28 Ry A I, 50K VOC2012 Bl 4245 U528 4 TFRecord Bk 2X.

TFRecord AR AREFEA THE— A7, A SCHl S P IEIASKE VOC2012 M8 456 16l TFRecord 4% 53X
SCE. e Annotations H ) xml A% 2SO — 1 A0 B 47 07 sCI0 528 esv 4% 2 SCF, B 24 FR 0 51 0
“filename’ | ‘width’ | “ height’ | ‘ class’ , ‘xmin’ | ‘ymin’ | ‘ xmax’ Fl‘ ymax’ ,IZMIARZFRHA xml_to_csv.py. FiHF
esv AE A SUAL A TFRecord %2, 7E Example HV5 ARG, XTI ZREE NN AR 2 il 17 E R AaD,
53| train.record Fll test.record SC4.
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2.3 HEIEE

TEG R 2 W 25 I ot A b, B AR K, Yo B R . FEAR AR B AR 2 | BRSO A B /D
FRIEASE MO0 SEsR Aida A B TIN5 12k, B b RLE $01 5. 25 58 30 SR FH TG AL — YR S 1 50080 o i
BONRERE , FOR IR A 07 X0 Bl b A 75

FEBCHE T B B B O 6 18 BB AT 3BT, i B AR R R LA 7R B0 S AT AT 4 8 X FpoF S
(LRI JEAT R 3R BT 43 ) vl sk G ke [5) — H A R — 07 B A 400G e Ak 380 D) 2 2 8 381) B S 1 10
T, BRI S LI R A ARG, 25 58 30 T B A B W A EL R AL bR 484, LA S 3G AR 784 1y
ZAKBETT AL 90° ,180°,270°3X 3 Fift ffy BE % RIMR A THie % , (1145 bounding box HYiI A5 A bRfl~F-1 7.
24 RBERRSH

A SCHE TensorFlow IREEFJHESE | LIFCE T Intel i7-7700K CPU ZbBRESAYHLES AT 1 400 5K T AHLIE
BB E R (4 PR N 500334 ) dEAT I 2k, B R HEAT N AR i S5 A 315, 6 br o 0915 B 5 B R A
TFRecord JE 5 A Faster R-CNN FFER 12k, #££F Inception v2 455 RUAE A Il 25 1 2% | 3 AR WEL 15 000
W, WIERZE 2 5 0.000 2, DL 09 7 2o U145 RPN FIER R M 4% 15 24T e 509 B ARG A AL,
FRECERBR ], 8 batch /N 1. 2 2 SRR/ AS [R5 B X TR 70 g S S5 3 B A 7R ) 3R AT B K1)
SO, 2 ) R B R4 TR BB loss TRIE IS, T 18 Ak /N 25 B0 A SR s due e A, 52 M A 7R
JF . AR SR BB W 2 ST R0 07 e, 2Y loss Fala FARamt, WG K27 3T sk 1 .

NG X T A Lo IRSERE DL, LA TensorFlow R1 FIXETNRE
model zoo "1HY faster_rcnn_inception_v2 5 XA SC AR A E AT Table 1 Learning rate change seftings
oA A B SUAR P, HLWT AR loss (B B, A5 700 300 51 Sl 458 RS AR loss
. FANERACHYBER SR G (B, — HF 165 loss {14515 HLlk 00 Coa i
S, [A] 2R 5 000 R YIZRI ORI FEA TR IR AR A L 4T, K45 1 500 0.000 24 1.021 2
GERANE 4 FR, ol (a) BATIRALIT Y, (b) AR IEATHIIA 1L T b0 e oser
(9, AT LA (a) ROREC T (b)) ReBE a5 1 B A% 4 M 152 4500 0.000 30 0.653 7
B4 U 7 000 0.000 35 0.499 1

E—
s ——
]
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200 —_— =
i Iouse:9896‘n; =
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(a) HHILRTL (b) TwIH i

B4 BEMBULRIENE R
Fig. 4 Comparison of initialization results with or without initialization operation
N 2 Fr7R AR SCREVE NS A HE SR A B0 BRI AR, 2% T BBk RS /Nl 500%334 F) 4
ABURAETE GPU IME A EBL T A ] 242 1,41 s. 10 78 [6) BE A% B0 F 8] Faster R-CNN+ResNet101 [+
2% BABIIR] R TR TR, A T P ) DG 95 38 20 IR A ik A VR, {EDRS BE ARG 55 . 72T GPU i A 175 20
T, AT ST ResNet BLX B AZ AR B EBL. [RISF GO0 T, SSD+MobileNet v1 Ab BRI ks B2 et , fHRRS
JEMA AR . T BB P AR 2 H A ARBOA R, RN — SO R A I B9 1 SAE AN RE LR 4F
L HARBIE L. RIS, N THRC A e —E iR 2, R E0A FHEANREIE4F G H A, N ToU fELAAIR,
EATSRREIERAAG T HARGL &, L EGE R = AE ToU BIECY 0.1 BYTE BT ZEATHY. AR SCIRIE X b fie /M B
% (Minimum Distance ) \fix KSR (Maximum Likelihood ) #1157 5 1] 2 4L ( Support Vector Machine ) S5 4t
PLER =21 0705 e iR R AR A SR ) AL IR AR AN 5 B, vl DUA Hh, MR A fe R ABL IR U5
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I B, B T AR DL, B SVM TRUBIRS BB ARAR B T R Horh, SVM U i
BT 84.2% AHYINZRI ] B AE B RO TE IR . £3 b AS SO B9 0 28 3FU3DRS B T 38 90.5% , 1EKE BE FIAL R
EHEREAT RS

®2 BN EAERT L

Table 2 Performance comparison of model testing

TR 2 A WIS RE/ % PIFEMS /s

Faster R-CNN+inception v2( #47 T #1451k ) 90.5 1.41
Faster R-CNN+inception v2( KdEF747 ﬁﬁ‘ﬂ_’,) 78.5 1.45
Faster R-CNN+ResNet101 85.2 4.20
SSD+MobileNet vl 67.8 0.75

Minimum Distance 82.4 —

Maximum Likelihood 83.1 —

SVM 84.2 —

AN A SRR B/ B AR EBORERE, & 6 Fzs, /N B AR A7 78 T K 1 04, PHU0I0RS i B2 4%
2. 6 (a) EAETIAEYIZE 4 000 YIS AIZCR, (b) SEBRAEYNZE 5 000 YT BIRCR , al LUK BUXH/IN AR
BOAKGE . AR DN I A B 2 o) 4 B TP AR, R AR A B 25 JB™ ., /s F AR 05 B ATt
et fE i 5y 20k HAK ToU BREN T/ AR MR e SRR NAFHERIR ZA Dy 46 /1. i,
TENTARER BRI B FR S bR AR, 5y iRbR. AR AT LA BB R IER 73 HEAR, skt ) 28 2544
NG5 2T SUS ERMER)Z IR A7 EA5 RO EAT FARARIN , LASR i/ H AR BRI SCR

e F E— R ™

(a) SR ARISR (b) SVM
B 5 fEgAEmlER

Fig. 5 Test results with traditional methods
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Fig. 6 Target detection results
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