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Image Classification of Landing Landform Based on Wavelet
Transform and Deep Network
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Abstract:
classification algorithm of UAV landing landform image based on wavelet transform and deep network is proposed. Using

Aiming at the problems of complex scenes and rich texture features of UAV landing landform image, a

the fast compression capability of non-subsampled wavelet transform (NSWT), the first two layers of sub-image coeffi-
cients after wavelet transform are introduced into the convolutional neural network (CNN) to compress the amount of data.
According to the characteristics of UAV landing landform image, a 15-layer convolutional neural network is designed using
a lightweight convolution module. The correct classification of complex geomorphological scenes is realized by support vec-
tor machine (SVM). The experimental results show that the proposed algorithm has good feature expression ability and im-

proves the classification accuracy of landing landform images.

Vol. 49 No.11

Key words:

sification

1 51§

BEE TS B2 0 T, o AHLEE Bl 358 R 3 26
IR TE ML A A B A TAT 55 9 OCHE . i e AHL
G h 2 0% AL =, S BUE S A 26
RSP RUERRRAR 2 TC AL 2B R . R, SE R
RAER A TC AL Rl 3 R 7 2 BA S 3

PTAF K, 45 B 22 I % (CNN) 7E PG A 31651358 1
HHJ7iZ . Krizhevsky LU YOK CNN FH T B8 4525, 312
HT AlexNet, BUS T 24 Bif & 4 19 43 25285 5, {H AlexNet
0 RFAE B BCRE 747 B . 7 26Dk H 2 BN 45 AR B L

Wi H 111 :2020-08-10; &[] H 11 :2021-04-20; 5i 4T 4 : 22 B3 4%
FETH  FHE A REHFIL S (No.61171119)

non-subsampled wavelet transform ; convolutional neural network ; support vector machine ; image clas-

s A T BRI D RS B B 2R AR T 26
KEIE . ST EM L, 36T CNN 1 5 i BA B4
FHIERIKRE ) (AP R R 2 S 4L

X LRI, B SR /NS s 6 v g A
JE B GO ILAR FE R AR, 9D T R gk
450K Haar /NBEZE#5) A3) CNN b, B2 IR (1 2 1]
B BEAT MR ERIE I T BB O /N s
FIAG B2 25 n] 3G s IR R RE ST DS MR
G, /DA BEAT B AR T B AL RE DR T AR 1A R
L BRI A R R B T A R R R I PR A ) B
FFAE . U, /N AR e HAT 220008003 Ak R o, AR AN TR 9



- W e 2021 4F
B EFORAR AR S N BRI R 2 BEFNETHRAREEME N ERGihsE
BT MR I R B SO PR A5 B R IR R ES

BARFEIEA T/ S BE S AP IR

ZE LTk BT T AL Bl b 5 R 537 5 2% (8L
PURSAE 3 & 00 1) U, i 1 — ol 32 /0N D0 72 e A R )
251 T AHLEE Rl b 50 503 285005 (WT-CNND. 15588
5 RAE N AR e 5| AT 2% 715 B TR % 3 A
fEA5 B AT T 48 B 5 B ™ AR 5 PRI . 4R
Jei AR TC LA it i 3 R 1) R a5 8 e i A R
HB] A LS5 CNN [ 45 158, 45 B it 1 550 1 1% (40 0 2
UCHRRAE ek , i HE T e AMLE Bl b 537 5 40 2
e J5 R SR L (SVM) AT B Rl 50 4025

[] cl Pl

C2~C3

128x128

256x256x32
[ Conv (5)

@ @@Gﬁﬂ

64x64
128x128x64

TN KR 5 5 2% SO E R, AR
2 T8 U5 B RS 2R R AR R, S 308 58 ik
JERR 25 L BT T E T Rl SR RS 4 260 15
S5 4 FEUR 25 [ 28 B ) WT-CNN, R 28 S5 A A &1 1 e s
FBo R =AY DR AR RAE /N I AR 453 it ]
&, TP 2 7 BR800 s e 6 B R B8 A A
,‘\,ﬁﬁ*%fiﬂ?m%ﬁl%f&wﬁ}%’i 2) R R ek
R LRSI AR ISR 5 3) ] SVM XFFAE 1) 2 04T
I3,

C4~C6 P3 ¢7~c9 P4 cro~cli

16 x16

32x32x64 14 x14x32 Ix1xC
Conv(3) Conv(3
Conv(d) Conv(3) oy Comv(n
Conv(3) Conv(l) Conv(3) onv(l)
1 I SVM

NSWT

CNN

K1 AR

2.1 FETRBENEEBRAIBUERZ

AE T REE/INEZEH ( Non-Subsampled Wavelet Trans-
form, NSW'T) A b 28 /NI AR 0 HAT TUATTEANF- R A
A AT DR I DR A 2 % B AT A5 2 B ]
TEARFAE S JUFI 37 G AG ) 25 45

BN — e85 155, A /NI A fe R A 7 PR
oy SIS X N i e R S g oyl [ U = R S I
LV

AdD=Y, 3 gk -2d)g(k,~21) £, (k1. k;) (1)
Dd D=3, 3 h(k —2d)g(k,=21) £, (k. k) (2)
D D=3, ek —k)h(k,~21) £, (k1K) (3)
D D=3, hlk ~k)n(k,=21) £, (k. k) (4)
Hodr n() Fil g() 43 2 7 el AMIGE D8 s, b, Fom R
B KT 5 10 SRS AH AV 22 BIASE B, k, 32 MG B s 1
T PR A 22 B RE L, d WAL B AR S5 1 R
B R TR ARAE 1) - R B
NSWT 1] LUK S5 46 R o3 A R AR [ LA oK
SHE D0 < g eyl 1) B o O =10 R 3 I A S o [ T R 3
DA [R) 77 2 40 i Sk 65 )23 (%) DO 5K A ) 8 35 1) 141, DA

PE2RHE . EPUNE B RS — R T RREE A ST
P22 H%W}Jﬁ BT, R0 B &, R R 45 J5 1
FROERARYE . B o, AR Tk i DR T ) i S AR
E\,%%fﬁ?lzlemjlﬁ@%éﬁiéﬂi%\iﬂé%\iﬂﬂ JSIEY
FF 28 R FRSCRRERAE . Bl /NI AR AN KT 20 i, 1531
) e A L v T A B Ok D i )2 o A
L& SRR T M w S R A SR T
P 5 1 201 SREAE 3k 2D AN ) R AE 8 4R, PRI e R

— ZRETEERE AR TRBOSE R . HIK,
NSWTFESS 5 (1 B v R AT T RS, TR
i 3 AR 308 4 A T S R B [ A ke S B
UEVE AR YT A BRAE T or a FE TP AN SR R R
B, BE TSI B R R M SO S5 R A 8., R 4 s A
E R R . [) I o o 222 ) 4% s o 2 Wk P4 i £ e
B, 0] DASESREFIE KA BE T
2.2 CNNEBI[ L& 2544

BEXHE 506 B 2 N 26 S 50K HEIf R AR A5 )
BT T I AL Bl b 35 EAR 0 15 2 0 TR BE )
RAER . M 1R, C1~C11 Fm EZE , P1~P4 %R
A2, B AUZ 5 B it & 19—k (BN) A1 PReLLU
TG PRER, IR S

BB BRI T & R A R URHIE



o1 M X 5 TN AR SRR 0 265 1) 45 i 55 P15 032 2173

£1 EFNSWTHICNNHIM LKL

1o 2 )% By B | FIHE fth
X input 256%X256

Cl1 Convolution 5%5 2 256%256X%32
PReLU

P1 Max Pooling 3x3 128%128

c2 Convolution 3x3 1 128x128%64

C3 Convolution 3x3 1 128x128%64
PReLU

P2 Max Pooling 3x3 64x64

C4 Convolution 3x3 1 32x32x64

(0] Convolution 3x3 1 32x32x64

C6 Convolution 1x1 32x32x32
PReLU

P3 Max Pooling 3x3 16x16

Cc7 Convolution 3x3 14x14x32

C8 Convolution 3x3 14x14x32

C9 Convolution 3x3 14x14x32
PReLU

P4 Global Mean Pooling 3x3 77

C10 Convolution 77 1X1x32

Cl1 Convolution 1x1 Ix1xC

SVM v

SRR S Y S NI B U =32 D) || ST A=/ 3
NS FEERHEAR T . N T RGN & 28 R
TEARSCETE T 11 2B SR . g 1 s, il
250 A EMG  BER A K 5B — 2 (C) BRI K
INR5XS5 KR 1, BEAE B PR M S RRAE 11 8 e
BN E R ARF BT = A 3x3 R AU A 1 R
f B PR (C2~C3, C4~C6, CT~C9) , 2 R R /N R
3x3 1 11 BIAPEFUr 2, B X5/ G 43 BRI
FURRAE 126 FUZ BB OR R B R 1 IR a2 17, [ ) R 42 il D)
S HCEE , BRI H SR UG R 2 ARAE , L 1x1 B
T T RAREIR 4 . e )m it — & P
(C10~C11) By R £ AR, 43 531121 FH /N R 7x7 il 1x 1 4
BUZ RN 1, BRI TR (HJR R T 5 inog
B MERRIE SRS . SRR RE RE A SR SRR e 1
SRR, REVE TR A, o Il B2 R R
TR A A A A L A e D A S 8 [] s 3 i
I 2 2 [B) 3 T BOR RIS R S B TR
FRAE , DU 20 2538 EAT 2025 . bAh , WT-CNN 7E [’ 25 4
U AR R B B HR 38 i T ZF I FE (Zero-Padding) 24
7 ] o) 2% i B3 S 4 1 A RS REAE
EERZE S ZEZ 0, R TR =1k
(BN) U 3845 A0S PR B PReLU™ . 24 PReLU pRELAT
B ReLU /E ML P& IE %00, PReLU PR A AE 1 F1
PR 78GRl AN R TR B R )

I BE 5 AR d A Sk 1 B B4 A6 R 1 R ) 8L, S RE 2% fif i
AN B Re LU R 34 (12285 Rl 26 o0 8 T [l A7
= (5) s
PReLU (x)= | *7°
ax ,x<0
Horpx AHFIERI A a R 24 B8
Ak 2 BE 22 i 5 B2 X 25 (8] i 5 B s | 48
TEBI AR 5 HEH AR E. Ry T AR R A 5 2
A RO, Gnge 1 Fr 7, WT-CNN #5288 b 5% F T 9 b i
o720, T RRARE TR 4 B, OR BA 42 R RRAE , B Je )2
GRUZHEIN AR /N RNTFE AL . EE X B A i 1 8]
15,1 = )2 (P1.P2 \P3) R F s Kt Ak , e HUAMG 1 ek
TEAE iz X3 i A s (B, A R B T R ) B
FROE A T3 BRUS B B AE . B n — )2 (P4) R
4 JRy T2t A, 3 L IX 8 G ST (A iz IX St
fRJE W, AR B T KRG /R e IR s 55 B
TE CNN 254 | 42 2 KA i 5 B U2
B 2 X A3 G R 5 B CNN S5 R R L T4
55 XU fre/ IME TN e /IME N ZREE 15822 . Y IR A& 1%
BIE RN — A IS AN RS R, VI ZRad
FEAR Sk . MM S HE 1 ML (SVM) 2 356 T 45 44 4k XU
fe/MEJE N, BE fe /NME L5015 2 PR R B 2 B
“He K] B 1 3 2 S ThT A4 A 1o R AT IE R 05
IR, 3 e fef ) SVM 54 CNN R 4 3% 42 2 8 25 I 4y
FUERAPE . A, R SVMAC B i 422 2 HE T o0 2
AT LA 43 4 20 A S 80 IR S T
2.3 Eixrme
PR AR AN R 2 B s, BB RN .
(D) XFUNZRREATEA T AR T RAE /N AR e, %o D (R
AT ARV 04 53 f | 4 R AR L RK O 3 %
FAL AT ) ) A B DR 4 TR A5 BT IR
JE45 JG B FRRIEARASYE | 58 H R ZIRFIE
(2) B U ZRREA K A B o 28 A5 80 rpoll 5, ) 1 b
TR, 120 J2 R ORI, A5 B RRAE 1) 2 . R FH 28 U B 2R
PRIZIORT R 28 AT I 2
(3) ¥4 15 2 AR E ] A A B SVM I 25, TR 2L T
LS8, H B PR R B S LA, 15 B I 2 45
W HH SVM % Hinge Loss #EATI1 45 .
(4) K 0328 PR ey A 20 11 2 7 %) O 2% A5 10 v g A 7
IR, SR EURRAE , 75 2R AR e B S A Rl SVM ep

PEAT I AR Rr2RAER

3 XRERSEHSN

FR i S B B FH 75 K, SE 56 B0 £ BT UC Merced
LU 0¥ J 01 552 56 22 48 Sl 1) T A ML i b 35 145 90
4E UAV Landform Dataset2 1 UAV Landform Datasetl ¥

(5)



2174 R S R 2021 4
=3 SIEBERARFENHEERE
EFRETE] (s) Dataset1 Dataset2 Database
T ML SN SR8 Method 1 0.033 0.032 0.031
Hi SRR 4 Method 2 0. 068 0.061 0. 063
R T LIS i G2 etho
WT-CNN 0.036 0.035 0.034

BT

Y P 2 457

WIS (KA AU I 2 4
U RFAIE

I

| vngsvmpgs s %

k

2 FkiAR A

| g svma

UEFTBE A 48 i PEfE . Hirp, UC Merced LU 48 45
F5 2128, 362100 7 B4, R 70% 1191 265, 30%
VYE R 4E . UAV Landform Dataset2 Fil UAV Landform
Dataset] 52 S5 40 % [ A ECHE 2 , i A IR R AL A0 42 7
ok B 32 Br I AN . B, UAV Landform Dataset2
A7 10 2637200 5K, Horr 5000 5K A R il 2548 L 2200 5K
YRR 4E , UAV Landform Dataset] £ 75 6 2% 3t 4800
sk %, Horb 3300 5K J2 I 2R 4, 1500 5K 2 AR .
IR ALK FH BE AR BE N B BRI 2k, b Il 2R 280
batch K/NE A 64, BUHE LI 0 0. 0005, 8l i 2400
0.9, 2] A 0. 001, 4 H s £ 73 51 54X 60 4> ep-
och. SZI6 BT FH ¥4 22 48 5 Windows 10, Zb BE 2% 4 i7-
9800X, N £ 4 32GB 1 i1 5 L, GPU 2y NVIDIA Ge-
Force GTX 1080Ti.
3.1 JETRE/INE TR 5 KM BRI 20

R T R/ A 4 3 i RO RIMR 43 S TR R 1Y
M, o e Bk =AU AR B R TX Hae, sk 2,
3R . Hort Method 1248 EUEAHEATIE T RAE/ NSy
i, B3R A BN 22 I 28 AT I 25 1)1 25 . Method 2 J&
fe R 2k R R/ N R S U A 43 i 24
W AW , ST R 25 . WT-CNN 2 T Jy
2 IR AT /N A 48 5 i PR 2 T R B0 i AL R
¥, AT M8 2k . 3 2~3F 6 Y Dataset] , Dataset2 Fl1
Database 43 JfCZ 535 52 UAV Landform Datasetl \UAV
Landform Dataset2 1 UC Merced LU Database.

R2 BIMBEETRARFENSEERE

AR Dataset1 Dataset2 Database
Method 1 89. 73% 88.61% 88.75%
Method 2 97.49% 97.02% 97.38%
WT-CNN 97.37% 96. 85% 97.25%

M2, 3] LIE AR SO A = A B ds 45 b 4y
WIS T 97.25% .96. 85% F197. 37% 1143 25 1 %

HIEE F Method1 43 542 T+ T 8. 5% .8. 24% . 7. 64%. #
H T Method2, B2 SR T A7 THERA 5 4 B S 42 71 (H A T
PR PR R] 446 T 409% e Ay . FEIFEREIET
SR /N 7 e BB AT AU A B A B TR AT R A
FROIEFR B AR T, E15 5 M o ff e R R 04T R AR
15, P B 52 3 B IR AR B, X EUR AT NSWT S5/ N 4
TR 22 P 28 (1 58— 2 0] DA IR 30 52 4 BERPE o
BIRFE A R T HE T 2P RE . Zead 3R REE /NI 43 fiF
Jei ARSI 1 R A R B SR TS A5 S, Ml
T AR AN A M 55 0 SO i % SR, B T B o 2 8L
b B AR O RV U e R B N i =)
HIE =2 808 T 52 T R B Ry o 0 46 R 25 I 245
BRI Ry A, B AR St 55 R AE 1) SR BE 1 s A 4R T (H
S 18 CE R AR, ME LU SR TSR L AR
IHRIZEER D 45 5 BRI EE N REE R, 8
IR () M SR AR IR R S8 2 BRARVER 22 . PRI, 20t IR T
SRR 7N A i RIS G B AR A 32 B A R A
JEFA T SRR 2 A R 22 I 4% 1 i AT G
BB T R T M R AE A B B
3.2 TREEVNXNDEEENRI

R T B AE S MR 4 1 2 R R R A
BISZI T T S g i EHR HEA TR AE SR I 2
539 R FH 4 4 )2 RN SRR 1 AL 40 R0 . a5 an
FARMES PR, mTLLE T S TERAIE SR I S
SR SRR AL 2805 20 I/ RCRE T 2 2 1
Oy EE L AR R B 4R v AR B 9 ) Lk 1. 5% A2
A, AT B33 1 L sF ) R gl />, 4 B B 4R T T
Y 45%. FEJFE RS CNN AEGE M A FRURA st = )
AAERFAE  (HR— 2 REAS B e L A 23 28 25 5, SRk i
HLE SR AN 2% 2 5 24 AR AZ FRAE | (H 2 A Pk 4 Jm) 5-
PRBE 7, PR 4% 26 e ELA  fe R (RI B  1 43 28 - T
TE ¢ > 20 [ R AE 225 1] Hh A 380 4 2 [m] ) e FE i . i EL
SVM Bi e 43 1 A TR IR 0 2 57 T IR 1 i
Fal LRI T AR L, AR SCE LSS T CNN
FISVM P05, A T BTG Jm BR A% |, 78 8 A WL A5
EMG B T 5 o3 28550

F4 SIEBERRRGEOSLEBE

HEf R Dataset1 Dataset2 Database
WT-CNN(FC) 95.79% 95.28% 95. 83%
WT-CNN(SVM) 97.37% 96. 85% 97.25%




%11 K N IV EE 2 0 25 M S PR 508 2175
R5 SNHIEEDRAEFERHEIERE Image Classification Confusion Matrix
: PAOM 18 0 0 5 0 0 9 5 4
HEFMFE] (s) Dataset1 Dataset2 Database Highway
WT-CNN(FC) 0.079 0.073 0.075 Airplane 1 18 °c 0 000000
WT-CNN(SVM) 0. 043 0.039 0. 041 Water area -

3.3 FMRAZESEEFE IR

TE MR S2 6 45 F T B AR SCH 5 SAE-SVMM
CRF'" | VGG-16""% | ResNet' "' | DenseNet''*' 1 DCT-
CNN'SZE Z RSk I AT SE IR 0T e . 38 6 F2 AR [R 7
SAERE Ry R a8 R, N AT LUE I TR A
B3 ZEUERA R S350 R 96. 85% .97. 37% F197. 25% , & T
A 2k . REEREAE N RN A £
PR RN R 45 AN AR T, S RS e AR TR R AR
WA 4 5 o i R A TR 0 5 ] (R i AR R R
B B SEAE B0 — RV N R B R 2
FRIEAE B RTER IR 80E . KRERITRE R K40
F i H R 46 S AR HAA AR YE N BRSO EE, RERE
AR SR R 1 2R, ORI B . D) —
7 AE A R 2 4 B % I Zrad B b= AR R
S IR BRI, 4% i e i A UL R
T /NG S B 1A EHR A T B, 24> 3x3 B
] LIS 21 5 R RS 6 B [ 1 832 BT, R AR TIEAH
[] P B RN, SCREDIZD S8 . AR 1x1 26 BT
FEAHIEYE R B R A TE AR TR R R A
WAL, BEAR KL T3

F6 MEEFERFRBIFEENS LR

Bk Datasetl Dataset2 Database
SAE-SVM 86.26% 85.45% 88.97%
CRF 89.07% 89. 16% 92.46%
VGG-16 91.47% 89.78% 89. 98%
ResNet 94.43% 93.63% 93. 64%
DenseNet 96. 03% 95. 46% 95.97%
DCT-CNN 94.38% 94. 65% 95.76%
WT-CNN 97.37% 96. 85% 97.25%

TSk i B SAE AR S PR W T B ROR 45
T AR SO AE TG N HIL A Bl b 3 RIS B s 4 UAV
Landform Dataset2 |- [ 70 28 TR WG H M . 4nl&l 3 firw , 1]
LA AR SCHOE B MU 7 25 RIS TE 95% L L, 732k
HERR R AR . A 2R X S B £ 95 4E T Slope . Road
%k SRR 22 SR B 9 JC A ML i b AR TS
BT o R 26

4 it

X6 To AHLEE Bili b 55 G 37 5 0 4%, S BRARAE =F
B, AL RDLEE = A In) R, 42— A T /N AR e R
FE 25 1) JC A ML SR 375 0 FE 1 (WT-CNN). R AE

Beach -
Muddy road

Farmland A

Real label

Desert

Grassland -

Mountain -

Forest 4

T T T T T T T T T
gy, ArpWap. Bty For,  DasSra. Moy, %o
DYt 7 Se,8s, U, ]
Wy heSr ors, Ay o ;:"‘?aq orf Sfef,d”fe,;? St
Prediction label

K3 UAV Landform Dataset2 F{Z 53 2RI F0 %

T SR /N AR 0 3 I bt 30 T 1R A DR AN TR AR A 5
P 2 Koo ti A 6 AR, A DR AR T PR 2001 I A i 2
NEAE R, 2 N R B0 R AR AL 5 9 1 B e 0 A il
Hu AR R 3 S R, BTt 1 15 J2 4 AR 28 R0 45 A6
B PR TH 2% B S AE IR RE T , AR . SR a R
FMWY, A SO AR 3 Tl A0 P b R B T e 2R
B, SEBL T S AR IR v TG ML il 3 7 S 1) v
K.

SEZ 3k

(1] Krizhevsky A, Sutskever II, Hinton G. ImageNet classifica-
tion with deep convolutional neural networks[A]. Proceed-
ings of the Advances in Neural Information Processing
Systems[C]. USA, 2012. 1097 - 1105.

(2] Ji8, EI6HE, il 55 . 455 IR > E 5 2B

22 255 ) 2 B MUY AR 0 2R WO S e T,
2018, 55(2):446 — 454.
Fang X, Wang G H, Yang H C, et al. High resolution re-
mote sensing image classification combining with mean-
shift segmentation and fully convolution neural network]J].
Laser & Optoelectronics Progress, 2018, 55 (2):446 — 454.
(in Chinese)

(3] TRigEts, & e s, 230 55 . JL T B O FI SCHRFIE A e 92
B FEIR5r250)). BUCHL T4 R, 2018, 41(19):66 ~ 70.
XuTT,Ji XD,LiWH, et al. Capsule endoscope image
classification based on color and texture features [J]. Mod-
ern Electronics Technique, 2018, 41 (19): 66 — 70. (in Chi-
nese)

(4] SRERWE A4 (875 3L T Haar-CNN BLRLIY H 9837 5%
PR 20 & BT [J]. DU IS R 5 24 42 (A AR B 2 ),
2017,40(01):119 - 126.



2176 H, ¥

il 2021 4F

Zhang H N, Li Y M, Fu Y Y. Research on natural scene
image classification based on Haar-CNN model [J]. Journal
of Sichuan Normal University (Natural Science), 2017,40
(01): 119 - 126. (in Chinese)

Ioffe S, Szegedy C. Batch normalization: accelerating deep
network training by reducing internal covariate shift[]].
Machine Learning, arXiv:1502.03167,2015.

He K, Zhang X, Ren S, et al. Delving deep into rectifiers:
surpassing human-level performance on ImageNet classifi-
cation[A]. IEEE International Conference on Computer Vi-
sion (ICCV) [C]. Chile: IEEE, 2015. 1026 - 1034.

Clevert D E, Unterthiner T, Hochreiter S. Fast and accurate
deep network learning by exponential linear units (elus)
[J]. arXiv:2015, 1511.07289.

Sainath TN, Mohamed A, Kingsbury B, et al. Deep convo-
lutional neural networks for LVCSR[A]. Proceedings of the
IEEE International Conference on Acoustics, Speech and
Signal Processing[C]. Vancouver: IEEE, 2013. 8614 -
8618.

AW PR r 2 b 0 A U 22 R 45 5 1 F SR D). i At
MR HEL R 242,2016.

Li M W. Research of Convolution Neural Network in Im-
age Classification [D]. Nanjing University of Posts and

Telecommunications, 2016. (in Chinese)

[10] Ju Y, Guo J, Liu S. A deep learning method combined

sparse autoencoder with SVM[A]. 2015 International Con-
ference on Cyber-Enabled Distributed Computing and
Knowledge Discovery[C]. USA: IEEE, 2015.257 - 260.

[11] Zeggada A, Benbraika S, Melgani F, et al. Multilabel con-

ditional random field classification for UAV images|J].
IEEE Geoscience and Remote Sensing Letters, 2018, 15
(99):1 - 5.

[12] Karen S, Andrew Z, et al. Very deep convolutional net-

[13]

[14]

[15]

works for large-scale image recognition|]J]. Computer Sci-
ence, arXiv 1409.1556, 2014.

He K, Zhang X, Ren S, et al. Deep residual learning for
image recognition[A]. 2016 IEEE Conference on Comput-
er Vision and Pattern Recognition (CVPR) [C]. USA:
IEEE, 2016. 770 - 778.

Huang G, Liu Z, Laurens V D M, et al. Densely connect-
ed convolutional networks[A]. 2017 IEEE Conference on
Computer Vision and Pattern Recognition (CVPR) [C].
USA: IEEE, 2017. 2261 — 2269.

XI5, BTN EE, B, A T B EOR TR AR AR B
2 1 3R PR A 21T, 24, 2018, 38(6):266 — 274.
Liu F, Lu L X, Huang G W, et al. Landform image classi-
fication based on discrete Cosine transformation and deep
network [J]. Acta Optica Sinica, 2018, 38 (6): 266 — 274.
(in Chinese)

EEEN

A L 19724 BRVT PR B
AU Tl R A5 B R B U B A 0, 3
SRS PR AL P TR ) WURR B .
E-mail:liufang@bjut.edu.cn

B K(BEEMESE) 5199644 it
N B AL Tl R 2 A5 B2 L e Ak
F BT 0] BT EMRAL B TR )
E-mail:hxdeemail@163.com



