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E o T LA 2 T A AR 245 A P10 1 2 2
DA BAT — R W R R, B T IR B 45 9 A
SURSZ IR A T ILAMEE ARG/ 3
ol A S R SO TR Z A 2GR AT B
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TR SR e AR AR B A4 B 45 ik

Lk LA ST AR R R B R 4R AR
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BERIT AT 22 A R B SO AR B4 T £ 7
Pho AW T — I TR ARSI PR S
18 TR PR I S 28 I b BRAR 285 5 19 22 I A 2 i S
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AR HAGIN T 1 , 108 1ok 55 W SR, e o0 A 22 R 22
AR R A AR AT A DC TRC MR 75 R 250 B e i R R e
B LB SR LR, 5 ARl b B S R AR
M ft=%
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1.1 R HIR

AT FE A A AR SR 2013 4F & 2014 4F 36 1 4R
AE R BY K v 1 i 8 AH SC U |, 1 1 S BUHE B
o], e rb A4 < (1) 36 AR08 Ze 0l BR8] (na-
tional agriculture imagery program, NAIP) ) 1 m & 43
PR g, b s R .G B RGELL AN B (near
infrared , NIR) . (2) 3¢ [E] Hb J57 8 £ J7) (1Y) Landsat 8 T2
Ry 30 m I/ HER 20615 A KR, Hrp Landsat
8 EIG I 1 TG 2 J ) T3 b 38 s 559 TG ) v A e 1)
LA E 9O BB . (3) I BE B v A AP DX e 4 P
(1 m) oA e bR 28, A0 dE 4 4> 1 3 52 2500 : K (wa-
ter) B ik (tree canopy) fIREEHE B (low vegetation)
A% 7K 1 (impervious surface) . (4) 3 [ 4 b % 55 %¢
P % (national land cover data base, NLCD) f% 30 m {I
R 16 A A SRS P

I K5 Water

B f3f 6L 25 Tree canopy

3 fILHE 4% 2 Low vegetation

I 57K £ 0 2 Impervious surface

I i K5 Open water

C Wl JF it 22 ) Developed, open space
3 iK% B2 30T Developed, low intensity
I R T Developed, medium intensity
W 7% 0T Developed, high intensity
[ Jiclih Barren land

&M HK Deciduous forest

B 4K Evergreen forest

[ IR ASHK Mixed forest

3 5 AR A Shrub/scrub

O Rt/ S AR BE Grassland/herbaceous
T BU/H5 5 Pasture/hay

0 M b5 /59 Cultivated crops

O #AMRIA B Woody wetlands

[0 #E/K P i Emergent wetlands

A :NAIP %1% NAIP imagery ; B : Mo i B 52 4 Hb 3 35 #5745 Ground truth land cover labels; C:Landsat 8 &% Landsat 8 image; D: NLCD

+ M7 55 FR% NLCD land cover label.

Bl HiE&ERG
Fig.1 Example dataset
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DARA BB dn e ag . w70 B im R R A A
g 3t A F U 37 S R 7 ) 5 I S SRR T R R R
77 2R FH A A [R] 91 1B P SF- 241 9 41K 43 B3 Landsat 8 B4
85 15 4 R MR RT LA R A R A M R . M ERR] —
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Fig.2 Two overlapping windows in a miniature

share parameters
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E%(m —Syn— sj), PG,y BES IR
(m, n) REFRRS L ERR 2, Lo

2)BREREAY IR . W T 1 m A HER R R,
NLCD 9 30 m 1% 43 ¥ 25 + #7835 7 5 AH 24 T R4
3UMEFE X0 QR BB bRic 16 MR BIF I 14, b
R 3 PR IR R A 20 A A AN [T B R 43 R
PR T 1 e 43 % - b B 5 1 14

T 28 8 43 P 38 R R AR e B RN TE AR 43 B R ¢
R A HEREREE LA A p(Uc), R4 T NLCD
SN A TRT Ak 1o 43 B3R R 48 22 [ 30 ARG 7 DG R
M 1FR . F BRI PR A S o PR AR & 1 5
THBERY, W] DAFF R Ge it 2% 88 43 338 (1abel super res-
olution, LSR) Wi £ A . 12 IR ER L HE « B AER
Sls IR G RTRERL, AR R WX bR (FI2E
c IR A3 A EATERASE, bR AT AR 2 45 7 IR F o
FO bR R PR R AR A A R p(le)=
Z(Z| ) p(sle)e PG, AR5 308 2 fe /N B HT 53 A

p (L) SR ) 534 p'( e ) 2 p(ls) p(sle)z
(] R AR A (KL BE 25 ), 38 2k 5K A 2 A4 HE 23 0 A1 1) 2
SAF AT RIARZE A p (Us):

bbby
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) c

Horr, p (o) S B0l P L2 B 1R 2 HE R 26 9 1L
11, p (sle ) WE T AR A FERAREE i AE s LR IR
éf‘ﬁ,TETE'FT—/I\EM%??E,Fﬁ?ﬁ@%%iﬁ(S)ﬂF‘H’Jl‘ﬁl

Bl OB Ay A g, (s) Sk X RR %K
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>1og2 ZOLS Qz.(.(.i)

RBRE XS TR B 934 g, AR ALY, I HLG
PAR 1 DL A 1 -

qr(s)eep(ls) p(sle) (6)
Xt p(4s ) AT HAL , il LA 5 .
p(ls)ecp(e) p(le)qids) (7)

AL AR (6) F(7) , 7E g, () M p(ds) 1Y
A b TS S BN LA A T ) Jm 0 e AR, A& 3 B
N, AT LLE 46 52 B 32 U8 R B RLvE Y 3% 4R
o,

A 51245 2% X512 Z i NAIP [ % NAIP image of 512X 512; B: 1~6 26715 299 X 299 4 5% Z: 50N 45 19 7% 2 16 /L 3 72 1-6 indicates the

step-by-step iterative process of 299X 299 microfilm parameter training.

B3 R XEEN

Fig.3 The area iteration of the miniature
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S AR 2588 43 R, ] DL 1K 48 18U p (m, nlc)
SBLLA 4 5 Th AL E TS 2 1 A4 52 #
B GIHE R

pon k)=, Spln—in—ie)e=e] (o

o, p( o, ol ) RIGBATE 30 (9) TR 4
v G 2 T AR A R PR A ¢ 1 VB R e o
IR YRR % B Tk s 1) S A 1 3
TR R B, 4 5% 1 4% AN 5 1T LA 5 JE4 R T
[ 495 12500 , 356 0V S A 20 S H0 9T A 7 4
s,

25 L TR LSR LM KX K EUS B 45 5 i
Be A 2R () TEHAMG R Bl A2 bR%s | 4R
Je AR A 20 (6) A7) 1 EM B2 R g AS 8] & 4
PeRbRE Z, = p(ls.s; ) RIATRERE (AT 2 (918
Bp(sle)s — B AR PR B T m
AR AL THE, B0 AT URE R 28 2 (2) 0 EHZ i
PRAS . M AR X AR O A I 40 B2 1 G v B AT A
AR BT HE R B, LU I S 455 5K v i {5
FUATHERL, )5 PR MR R L TAR S 4
PR LR B A R A R AR (R D),

F1 MRS PENLCD EFRER S 5 PR LIRS 5t ERE

Table I Mapping statistics from low-resolution NLCD class labels to high-resolution class labels

LR GIFER / % Approximate class frequencies

NLCD 2544 F% NLCD class name FbR%E Category label ik W it e K i
Water  Tree canopy Low vegetation — Impervious surface
FFRE KIS Open water 7K Water 98 2 0 0
TS 18] Developed , open space AT Mixed 0 39 49 12
% FE LT Developed , low intensity B4 # Mixed 0 31 34 35
T E T Developed , medium intensity ANif /KA Impervious surface 1 13 22 64
1= B JE 3k T Developed, high intensity AN KT Impervious surface 0 3 7 90
Jicih Barren land {IRFEHE YL Low vegetation 5 13 43 40
FEI AR Deciduous forest W3 Tree canopy 0 93 5 0
HLEAR Evergreen forest W3 Tree canopy 0 95 4 0
TR3EHK Mixed forest W3 Tree canopy 0 92 7 0
HEA/WEM Shrub/scrub #5e Tree canopy 0 58 38 4
M /A BE Grassland/herbaceous K& M4k Low vegetation 1 23 54 22
/M #E Pasture/hay RIEHIHE Low vegetation 0 12 83 3
FRE/EY) Cultivated crops RSBk Low vegetation 0 5 92 1
IR Woody wetlands F5&E Tree canopy 0 94 5 0
HE/K W H Emergent wetlands W3 Tree canopy 8 86 5 0

14 THBZEHEEFLE

TEARZE o BRI A R 2 )5, Pl A —
A /NRURIZE I8 AR R Ab AL BR . aniEl 4 B, 1M
%I 1N HA S 64 B 1Y 3X3BIZ G 22
Relu PR 1Y 58 4 45 B 2% (fully convolutional net-
work, FCN) Fl 1~ 45 [0l 1743 28 4%, F ok 42 v 4 A
AT 45 5 220 i 20 3 I R A T 46 v s AR 25 8 4
HEAE I 0 45 5 NATP EIHG, FXRR [R] 9 ER A T
T, AT A R R 24 %)+ b 3 56 Ak T . B T ax A
R HA /N B JRSZ B (11 <11 A Ry B S BAgURK
JIT LA £ 568 43 L 4 AR D R 28 8 43 3R SR 1
() S BOZAGE AR AR 4 o R R A i 8
A7 DI DA 4 B A5 MR P RT3 B AR A e 2 (] 11 300 S 55
R ARHUR

1.5 ZEHETMBEEHETHENTTE

T S ARG I 2 — T 22 3 28 )t 3 5 X AN
(7] R 1 b 7 55 53 26 UG 2 ) 1) 22 S A HE AR ARG )
S5 ARSI Y T30 &1 (predictions , P) [ 3K 23
WP

P=NXT,+T, (10)

o, Ty T AR 2 AR B AR 9 b 532
b 2 BEAR N 2R i o3 BE 5 4 b 43 S 2 26 01
N =4,

28 13 3 A ) AR 2R B 23 7 — A I [R] i ) 8K
PRI, TR LA B) s 8l rh 2k
E7IANZE. I, e 232 B 2 5K ST %) - 7 55 1Y)
TOUIET A 5 A Ak o0 DA b Y A 2 ) 14
FIVHG T A - AT o 2 0 R D ) b A A
A (1D Zow, By - 55 20 A X (12) o .
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Small fully convolution network

high-resolution labels

1Y o] U
NATPHI peien e
B PRERE 6438 B 45 FUZ +Re LUSLIR BR 2L Sigmoidpfi Land-coYermg
NAIP and 64 channel convolutional layer+ReLU Logistic regression mapping

1
classifier, Sigmoid :

4 FREFEEERMELEN

Fig.4

r
loss =— 11
0SS 4 ( )

P
n=—— 12
gain =1, (12)

1.6 HEIFMH
R T PEO AR A R T BER BN T 2 i A T LA
A B 7 L SR FHAS 3R A % (pixel accuracy, Py)
F1F 149 32 3 [ (mean intersection over union, mloU)
WG B F8 by i BRI E5 SR 094 IR . Hirh Py R T
MIEMZEMNIIE RS S BB R AW HE, ITER
KH:
. T+ Ty
Tot TutFotF.
ST X AR ARSI AT VRARL B0 2 NATP B4
Z (B (R 8 ol iy 3 A AR A 2 A« (1) /K 34 im A
P 5 (2) W TS B B AN 2k 5 ()RR AR 4k A0 2 in
Fak D 5 (4) AN K T A3 25 ALK o PE o H8 R & 8
AN 20 B I A 5 R B TRT L S AR 2 =2 1] 1Y A8 T L
(ToU) , BRI 44~ HFRZE S B~ 40 28 B 25, AN E0dE
WA BRI . BAREEA TR TEAE LI ToU, {H
XA AR AR G 2 (A AL T AT SR S REAIR A 5 (14)
AR e ToU 36 7R SEBRIS I REAS AT 2 51
FEAR A EE RIS Z L TR AR
T
T+ Fpt Fy
B 8 A2 ToU Fhn 2z J i 47 ¥ 4k B 3]
PEHF8 5 35 32 3F B (mean intersection over union,
mloU):

Py

(13)

TIoU= (14)

(15)
I (13)~(15) 1 : Ty R IE# 7 2B IE ] T R

IEH 7 2E M G0 5 F o B o0 M ) 64 B 81 5 ok
53 ISR TEAT 5 & Sy b B 5 R IR

1 &
mIoUZZEIoU

Post-processing fully convolutional network structure

1.7 HEIRENSEH

K I P45 ) NVIDIA Tesla V100 i, 16 G 5t
17, GPU Jin # & R H CUDA-10.1, #£ Ubun-
tul6.04.7 T 53 44 %% Anaconda3 -4 & BEA Python
3.6 Fll Pytorch 1.5.1 B8R 31455 . i 1] Pytorch AE 42
P AL W2, i AR R KN 51248 3% <512
G AER BG4 2 J AR5 39 50 A4 58
BEATLEI (0384 i H e o FH A% A i R RS . M T
1A~ 29918 3 X 29918 F W 4 s A A, 350 b g HL A4
RN 2. N T ZIeAbillg:, ¥ 45 A A Ak v )
I 5000 1 o B SR i s Ay At A 22 4 GRS
TR AR 25% I B 48 ) I ALK . FE bR
Oy BERR A R R R A B 5 AL R 4 LR 22 )
BRI 4 M T 4 SR R AR B R FON AR (1Y
AARSHNZR 2 iR .

2 FHR5HMH

21 BB PWEFERILE

2 3T 7R Ry 2R A RS B b 0 A5 R 4 6 1Y) 52
M, Horf, Epitomic LSR 2 7s A 5% £ 2] 19 B T
A5 HIBRAE B 2y HER LSR 1, Color /Rt A B (4,
ok, LR KRR 0T BE AR5 ARG R NS RoR ph 2811
M 4%, “Epitomic LSR+-LR+Color” # 7~ 78 KU s A
PR 2 Jr AT R s s 54 |, “Epitomic LSR+LR+
NS” IR 16 46 5% B 5 5 oE 47 00 28 I A
“Epitomic LSR-+LR+Color-+NS” 2 7 ¢ i 4f 44 5t
FIR 2T I 28 A A T 5o

MR 3T LA i, AN R BH rds g i 7 ALY
PERE . BRI, X T A58 T 4 Hh i s 28 88 3
BRI AR5 HE A G o R A SRR S
TR VA5 00 ) 221 0 28 R it v 1 RS E B 4R T
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F2 FCNHEEREMKSH
Table 2 Specific parameters of the FCN model

- s P
1% Model 2804 FR Parameter name
Parameter

AR RN w Variable size block w
Tt p (s ) BEFRAKAR Smoothed
p(«'ls) Probability basis

I (1) Mean

11X11~31x31
(w/11}

0.5+unif(0,0.1)
WA Initial

10
J724(1/6% Variance ~ value
JuHE Range 1~100
B bl WA Initial
Epitomes SEIRAEXT B SR value 0
Prior
model Ji [l Range —4~4
(209x299) A
2¢2]% Learning rate 0.003
fltfb#% Optimizer Adam
AR YA Number of iterations 50 000
HEALHLR /N Batch size 256
{7 B B {H Location promotion 10-9
threshold
TR T B {(0) Counter reset _
0.05
threshold
%k Epoch 50
FON## g
FCN model AL FE R /N Batch size 64
2¢2] % () Learning rate(a) 0.001

R3 AERBRALIE XA E M BE O 25 M)

Table 3 Effects of different module processing on model

performance %
)73 Method e,
Epitomic LSR 85.4 58.6
Epitomic LSR+ LR+ Color 86.3 63.5
Epitomic LSR+LR+NS 86.8 65.2
Epitomic LSR+LR~+Color+NS 87.6 68.1

MR R HETE 2 (Py) BB 28F L (mloU) o AL fift
FHFRZ My PR 45 5% LSR & 1, Py M 85.4% , mloU
h58.6% 0 1 TR B A G 58 1T LR 18 =
O3 HER G A Je R R R, T A 224 5 | B0 34 5 LA
& INEH A IR R E Y= ey b E PN |
mloU 43 51| 4 55 £ 86.3% .63.5% o J& b B JE— A~/
RUBR 28 (2, FLAT /N0 [ A2 1 O ELAOGS Jey 38 8 L
TR, 32 T BN AR AR B8 43 B RS 7 A 1 Xk
PR BE o MR 75 RIIR 43 3 e 22 ) 19 300 PR R A B
JE, DT AR 285 43 BE R 45 2R, Py il mIoU 435
P 51 86.8 %6 .65.2%0 o BEIX 2 Fh vk [m] A i AL AL
H MR RURS i B A B R i R, Py FlmIoU 43 514
87.6% .68.1% .

22 S5HMZEEIEXTHRNFENEER
B ASBIEZE 42 R 9 552k 5 NLCD diff . FCN/iZ B
(FCN/tile) .FCN/# & (FCN/all) \U-Net/iZ 5 (U-
Net/tile) . U-Net/#& {& (U-Net/all) % 5 Fp F 2k £
FHE SCAR ARSI 7 vk AT HL B . KA 44 H AR 28501
(1) 1 25 A48 2% 19 ToU 15 43 5 fie 19 mloU #1743
BT, USSR BT 45 10 22 B AH 1 SR Ao I 5832 i A
M. A ARDEF I W ARSI L (ToU ) 15
gy, o, — W HW 43 51 3 7R K 28 1 45k RN
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i 5 — LV FI LV 23 55l 3 7R ARAF Bl 28 i 453 2% 3
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O M2 M 4% (convolutional neural networks,
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A 3R i A SR SR TG, 3R W BSCH 1 5 T LA TR
15 53 PR PG v T T T 7 S M AR TR O R Y ) R
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Table 4 Comparison of detection results of several multi temporal semantic change detection methods %
7715 Method e\ —TC —LV —I +Ww +TC +LV +1 mloU
NLCD diff 14.8 16.7 28.2 1.4 3.1 0.1 10.6 36.2 13.9
FCN/tile 64.1 43.6 40.7 9.1 25.5 7.3 30.2 52.8 34.2
FCN/all 58.4 64.4 60.1 40.0 29.2 18.1 60.7 71.6 50.3
U-Net/tile 27.5 48.3 47.7 29.1 15.8 14.8 35.1 51.6 33.7
U-Net/all 32.5 48.4 47.6 30.7 23.7 20.5 34.2 51.7 36.1
Epitomic LSR 71.3 50.0 72.5 26.6 58.2 68.7 61.4 20.9 53.7
Epitomic LSR+ LR+ Color 74.3 52.2 70.1 37.2 62.6 67.3 63.0 22.1 56.1
Epitomic LSR+LR+NS 77.2 58.3 75.2 32.7 59.2 72.1 64.2 19.4 57.3
Epitomic LSR+LR~+Color+NS 78.0 62.7 76.3 29.1 62.9 68.8 71.5 24.6 59.2

K R Water gain

. i 56 4 B4 I Tree canopy gain

0 G HEHE I Low vegetation gain

B AN K R A Tmpervious surface gain

3 K J 8 Water loss

3 BRI Tree canopy loss

EO LA g K Low vegetation loss

CO R BEIK L 1f 5k Tmpervious surface loss

A~E:NLCD diff FCN/iZ 8t \FCN/# /K U-Net/Z 3 U-Net/ B R fHE I 25 R Detection of NLCD diff, FCN/tile, FCN/all, U-Net/tile,
U-Net/all; F : AR5 (9 45 5 Results of the method proposed herein; G : EL52 ¥ 3 i #5725 The true ground label.
5 JUF & EHARTE LA 7T R 4 R R
Fig.5 Examples of detection results from several multi temporal semantic change detection methods

3 AE A M A3 B2 SR N TR 2 3 B R Ak (la-
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Ir PR IR AR T R MR MR 22 B L 24
A ] ERF 17 s b b 7 =8 1) PT A ol 2R 728 A 1 a0 g i
22 AR U SCAR ARSI o T 4 52 1 22 I AH 2 S
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DI A B $E I, 7T LS 30 28 1 DXl R R SRR Y
WOCIE B o RS R R AR R
(Py) #1222 3F e (mloU) 1Y F # 5 4 I & B
R4

R R T J8 1 FH ) A 2 S A A R T 55
V5o AR AT ST T VA B S, ATk A S

] T SRR - 5 45 1 i T A B0 22 I AR SO kR
I3 A S 352 IR SO0 0 T e DXl - e 7 5 A2 Al A
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it T i 8 RS AR B b P ) AR 4 L T DA PR
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A method of detecting multitemporal semantic
changes based on epitomes

JING Weipeng', WANG Jian',ZHANG Wenjun', GU Juntao’, CHEN Guangsheng'

1.College of Information and Computer Engineering , Northeast University of Forestry,
Harbin 150040, China;
2.Heilongjiang Research Center for Cyberspace , Harbin 150090, China

Abstract The detection of multitemporal semantic changes is often used to monitor changes in agri-
cultural ecology and to track the development of agricultural land because it uses semantic information to an-
alyze the specific types of changes. A method of detecting multitemporal semantic changes using weak la-
bels with noise and low resolution instead of high-resolution labels was proposed to solve the problem that
the scarcity of high-resolution remote sensing image labels and the slow growth of labeling technology limit
the development of detecting multitemporal semantic changes. First, low resolution satellite data were used
to smooth the quality differences of high-resolution remote sensing image inputs. Secondly , the high-resolu-
tion remote sensing image classification map was estimated by combining the epitomes model and the label
super-resolution algorithm as a statistical inference algorithm, and a small FCN network was fitted to post-
process the remote sensing image classification map generated to improve its classification. Finally, the re-
sults of detecting change were obtained by comparing the differences between different simultaneous land
cover classification images. The results showed that the proposed method improved the mean intersection
over uion (mloU) by 8.9 percentage points compared with other methods of detecting multitemporal se-
mantic changes, and detected the changes of land cover classification effectively.

Keywords weak supervision; label super-resolution ; epitomes; map of land cover changes ; semantic

segmentation ; remote sensing image ; detecting changes
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