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Multi-object Classification of Remote Sensing Image Based on Affine-invariant Supervised
Discrete Hashing

KONG Jie, SUN Quan-Sen, XU Hui, LIU Ya-Zhou, JI Ze-Xuan
(School of Computer Science and Engineering, Nanjing University of Science and Technology, Nanjing 210094, China)

Abstract: The multi-object classification of remote sensing images has been a challenging task. Firstly, due to the complexity of the
data and the high requirement of storage, the traditional classification methods are difficult to achieve both the accuracy and speed of the
classification. Secondly, the affine transformation caused by the remote sensing imaging process, the real-time performance of the object
interpretation is difficult to be realized. To solve the problem, a multi-object classification of remote sensing image is proposed based on
affine-invariant discrete hashing (AIDH). This method uses supervised discrete hashing with the advantage of low storage and high
efficiency, jointed with affine-invariant factor, to construct affine-invariant discrete hashing. By constraining the affine transform samples
with the same semantic information to the similar binary code space, the method achieves the enhancement on classification precision.
Experiments show that under the two datasets of NWPU VHR-10 and RSDO-dataset, the method presented in this paper is more efficient
than classical hash method and classification method, and it is also guaranteed in accuracy.
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A L (KIS T, BAT i (1 73 B PR 1, B B2 SRR TR I SVMY DU AR /MR AR 2% 2] IR AL 38 B 17 25 )

% A A EESRORIAN IR 38 00 (K 328 S50 8], 520 T SVM 5 iR IR R0 4.SRC ik LU i 3 s JEVAR D R fifh, 1 1o <3 4R 00
AR AALEAS [F) S WA A L ) S DA 3 s 28 00 o HE 205, LA A i RO 00 JROR 82, 8 i 2 j el 76 46 ] gt
SX LI 7 010 v B 5 LA B et G 0 328 5 i A2 3 T A e e O, e 2 88 S PR AR 1) 43 5 1, B T LA L LA
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TR PR 20 SR BR TTT adK £1 27 S0 I ) LA R 190 9% 45 g el LA MGG S 2 B 25 A0 240 17 JHG 0 PRI A R 128200, &5 4 T e 2 i 49 2K
T 92 B R B B A B R B — Pl T (00 2%, B AN 3 43 A4 ot 5 R 1 A i, R B AR BV R A i 0 SR IR B ORIE L
o TR P86 R 3 %
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Fig.1 The frame of the proposed method
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31 HWENBRELSITINE

J T B UE AIDH S A w5, A SCR AN B0 25 NWPU VHR-10 1 RSOD-Dataset. NWPU VHR-10 5
PG A TV K 2 A BARRVE 0 R 3 Sk H A K 0 230 45, Tl RSOD-Dataset 2 I K 2% B BA KR Y — 38 J 1R A
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H T RTRREL 2 98 H AR FEAR X P AN B AR AR At AE TR BB A AR 4 B T R B FEAR A A5 L TR
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fify. 655 ANJHIAM . 390 JEHEERS . 524 M ERY . 159 JBEIEERY . 163 &R B, 224 M. 124 JEIFZ: . 598
AN B 3K K ok 1 28 ACHBER (43 FE R 0.5m~2m) A A SO (43 B % 0.08m)H L RSOD-Dataset 24t 7 936
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©) A b (@ b
Fig.2 Four-class object samples of RSOD-Dataset
K 2 RSOD-Dataset ) 4 2% H kron il

Table 1 The resolution of different objects of RSOD-Dataset
% 1 RSOD-Dataset %2 H br 4 %
H ki KL A ST 7
Sy PEEE (m) 0.5~2 0.3~1 1.25~3 0.4~1

2K (RS A1 b AR FH A2 [ B B2 AR Gist 45 AEBTLZHRAE 2 512 4k f), Fh 56 RIS 1] S5 A5 1) X e
1k, Gabor /N 2 B4 il AEREA S ¥ | (L RSOD-Dataset 2y 49), 4% LL 4 BEHLHITEX 2 000 4>k H 4 219 H br1E R
MRAAE ARG TR 6 400 ANFEASBAE 15 5 A8 e, IE 0T K5 IR A BRFT BL 7 I A I ZRbe A 48 K
SRR AR 4R 1 REAE S L ZEAAR & B — A mat SCPEHR S B0 E AR S S8 e R R A R=11,
a={30°,60°,...,330°} 4 L R FL# /& S=2,8={0.5,0.75}. bk &b,k T B AlE 509k AT stk AT 1A B T 10 4.mat SCAF,
BUPY(ELAE hy S5 IR 8 285 SR AR SCIW I 7 52 36 2 7R 3 MATLAB  2014a F A7 2 S I 11, R 1) Ak 280 25 2t oy
JREG % 17-8550U,CPU 431 1.99GHz, N {7 8GB RAM.
32 LWL REESH

AL DARG A5 7 1 D B B TR I 2 E AR 202, 286 0 PR 43, — A LA 3L VR RN 22 LRI NG A U7 ]
(R B, — R LU SC T AL G0 22 B AR 43 I8 J5 ik 2 ) IR AL Bk
321 WA IR A X Lk

DN T A 4 AR A O A YA e A bR O DR A SO N T e A (SH)RPAL TR A
(SGH)P3, % Ha B 75 (KSH)PPL, %) SR I A0 5 1S 5 (COSDISH) P8, M s s 45 (SDH) 7. gl AN B i
W 75 (RIDISH) PV g 5 L 7 v A AIE S925 (KRS B LR AR, Dby 17 S00AIE AR SC 7 v M T e 8 AN A% B B 3 PR 00 3
W0 — 25 S5 e & N BE ANAR B B 75 (RIS IDISH) AR 3 1) 2 JiE 4 ANR 25 B A5 J7 V245 e 5 AN AR 29 BRI R i
NG THAR 4 1) 5 L.
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(1) P393 2K BE(MAP): HER 7325 00 H b o 8 5001 L.

(2) T 1 000 ANFEAS (1) 43 2K B (precision of top 1000 returned samples): & BT MR AR AR T4k H VT AC B 8 v
T 1 000 /YN A AT 5 H 43 JRORS HE, T3 560 1% Le IR 4 73 SORS FE T 3518

(3) IXHHPHES A 24220 2 INF IR 23 545 E (precision of Hamming distance with radius 2): LAV B EE B /N 145 T
2 S B 0T I A AR A S R B N AR U1 B 2 IO B, B G A e I A 1 43 SRS BE I 3.

(4) 5 FRERE (AP): -2 H AR /3SR i

2~ 4 NI AL T 7 FIGA J5VETE 2 Hbs o0 28 P IR 50 AR D076 MG A5 719 IR B B, 25 1
T 8 F . 16 T 32 FATH 64 AT . T LU B B A A A5 1 B IG A, BRI S A 5 R 3G KO AR
— I, B 32 MR T 64 T I AR 220G A 5 R IR B RO 4 T BTG X R 60 1 A AR A AR B T
LR AT LS A R A ST I ER 5 4 H T 32 T 1 & H AR K45 L.

Table 2 MAP of different hashing method in 8,16,32,64 bits
FT 2 AFMSATTEL 8. 16+ 32, 64 F1 N340 25K &

K 4R NWPU VHR-10 RSOD-Dataset
WiRES 8-bits 16-bits  32-bits  64-bits | 8-bits 16-bits  32-bits  64-bits
T NG A 01972 0.1985 0.2268 02141 | 04986 05113 0.5386 0.496 2
g A A 0.2668 0.2797 0.2936 0.2982 | 05598 0.5820 0.6000 0.6262
¥ s 7 0.6773 0.7099 0.7357 07595 | 0.7274 07745 0.8001 0.8168
B R s B S s A 0.7298 0.7845 0.8237 0.8320 | 0.8260 0.8884 09150 0.9278
B O A 0.7089 0.8475 09101 0.9141 | 0.7601 0.8976 0.9389 0.9581
RS AN B WO A 0.8353 0.8863 0.9205 0.9284 | 0.8920 09274 09529 0.9642
Ve & R EEARA B MG | 07895 0.8434 08704 0.8832 | 0.8713 0.8994 09354 0.9495
A5 5 AN B8 TS A 0.8505 0.9020 0.9263 0.9338 | 09111 09364 09590 0.9729

Table 3 The precision of top 1000 returned samples of
different hashing method in 8,16,32,64 bits
£ 3 RIFIMGAS AL 8. 164 32, 64 7T FIKIHET 1 000 ANFFEA ) 43 M &

Fr 4k NWPU VHR-10 RSOD-Dataset
DR/ 8-bits 16-bits  32-bits  64-bits | 8-bits 16-bits  32-bits  64-bits
T NG A 02593 0.2842 0.3416 03284 | 05143 05163 0.5362 0.5026
T R E A A 0.3920 0.4006 0.4104 0.4239 | 06599 06813 0.7210 0.7557
AR = 0.6962 0.7487 0.7890 07920 | 0.7278 0.7805 0.8050 0.8197
B ST W B s s 7 0.6830 0.7300 0.7641 07741 | 0.7669 0.8197  0.869  0.899 4
B O A 0.7443 0.8686 0.9153 09185 | 0.7630 0.9006 09442 0.9494
e AN B s 7 0.8525 0.9010 0.9253 09306 | 0.8944 09269 09501 0.9595
WEHE& R E AR MM A | 08329 08711 08918 0.8991 | 0.8687 0.9180 0.9318 0.9419
A5 5 AN A% B TN A 0.8759 0.9138 0.9300 0.9374 | 09179 09345 09527 0.9878

Table 4 The precision of Hamming distance with radius 2 of
different hashing method in 8,16,32,64 bits
Fz A OAFEGATIEAE 8. 164 32, 64 71 MBI EE B L4204 2 N 73 R B

K 45 NWPU VHR-10 RSOD-Dataset
ik 8-bits 16-bits  32-bits  64-bits | 8-bits 16-bits  32-bits  64-bits
RENS A 0.2144 0.3818 0.4073 0.0055 | 05149 07402 0.7883 0.0197
CIE/ e 0.2871 04359 0.4200 0.0320 | 05721 0.8223 08129 0.0393
W s 7 0.5886 0.7288 0.7833 0.6807 | 0.7229 0.7820 0.7844 0.8198
B RAY: W B 8 s 7 0.6178 0.5990 0.4140 0.3670 | 0.7510 0.6651 0.4627 0.3590
WA B B A 04315 0.8374 0.8817 08217 | 06619 09046 09338 0.9020
RS AN B oG A 05134 0.8908 0.9187 08717 | 0.7590 0.9215 09606 0.9704
e &R EAL B MM AT | 05249 0.8487 0.8827 08542 | 07807 0.8773 09410 09625
5 55 AN AR B B 7 0.6701 0.9013 0.9207 0.9250 | 0.7487 09294 09673 09681

P A B e 25 BEAT RCRAIE 7 Tl A5 T VA K 70 SR BE R WS b B IGDUK 2 RSOD-Dataset 4 4 ¥ 71
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Fig.3 The diagram of three precision indexes varied with bits in NWPU VHR-10 dataset
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Fig.4 The diagram of three precision indexes varied with bits in RSOD-Dataset
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Table 5 AP and MAP of different hashing methods in 32 bits
R 5 AFIG A ITIEAL 32 7R % H bR 2 JERG LA G AR 73 S 2

IR | e WY BRME ORFERE REE EEAZ EHESUEA i
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Fig.5 MAP of the proposed method affected by the parameter in 8, 32 bits
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Table 6 MAP and time consuming comparison of different classification methods
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SR EAL(512-Gist) 0.849 3 59.74 0.926 4 112.82
L1 645 61 % 7R (512-Gist) 0.9270 136.88 0.964 5 295.29
A7 5 AN 78 T LG A (32 boits) 0.926 3 8.35 0.959 0 15.13
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