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Abstract  There are two important problems in building change detection of remote sensing
image: one is the time dependence problem of the bi-temporal image itself, the other is the object
identification problem due to the dense distribution of buildings, shadow effect and the similarity
between the features. This paper proposes an Edge-Guided Change Detection Base on UNet3+
(EGCD-UNet3+) network after analyzing the existing schemes. The UNet3+ uses the full-

scale skip connections to directly combine the deep and shallow semantics from different scale
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feature maps, and learns the hierarchical representation from the multi-scale aggregated feature
maps. However, it ignores the object scale in feature extraction, leading to the mismatch between
the receptive field and the scale. Therefore, the EGCD-UNet3+ first designs a Selective Kernel
Block (SKB) with adaptive receptive field to replace the original UNet3+ block, so that the
image of deep and shallow features is extracted with adaptive receptive field properties. The
EGCD-UNet3+ consists of the encoding part and the decoding part. In the encoding part, the
Long Short Term Memory (LSTM) is used to design a Difference Enhancement Module (DEM)
for analyzing the temporal correlation between image pairs, and solving the time dependency
problem of the bi-temporal itself, because the LSTM’s abilities of capturing long-term dependency,
modeling the context relationship. In the decoding part, the EGCD-UNet3+ proposes an Edge
Guided Context Module (EGCM) to further improve the performance of building detection
boundary, and effectively extract multi-scale spatial edge information at a finer-grained level.
Finally, the EGCD-UNet3+ defines the composite loss function with pixel segmentation error
and edge segmentation error, so that the network can fully learn effective features for accurate
label prediction. The proposed model has been experimentally verified on the LEVIR-CD and
WHU-CD dataset. The results show that the precision (P) reached 90.75% and 91. 75% respec-
tively, the recall (R) increased to 96. 68% and 92. 42% respectively, the Fl-score (F1) increased
t0 93.15% and 92. 08% respectively, the overall segmentation accuracy (OA) reached 99. 12%

and 98. 96% respectively, and the intersection over union (IoU) increased to 83. 96% and

74.91% respectively.
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Kernel 5 X5

Fuse

Kl 6 SKB&5fyEl

SKB g5 #4311 5 43 (Split) . il & (Fuse) . £ £
(Select) =AM HEEAEFF ARSI B 46 B K /430l ol
3X 3l 5X5.

P53 (Spliv) : XF TALAT 45 7€ M FRAE WL X €
RAWC BRI B 4 AT A% KN R 3 X3,
5X5 A F. X>UE RV f k. X~>U¢€
RY"WAC 3R F AF #0024 2% 1 4y 4135 BULUBN 15
—At Relu JTE pR L BT

A (Fuse) : il TR B A W0 LS5 R B A
WG4 S I 25 A6 A 6. AR e A (o FH 42 Jmy o1 Jm b £k (T
Foep iR ARG R . UEBGBEESITEE s€ER s
5 c MICR BB F MRS HXW R4 U 35
el — AN e iEEE (o) B T 58 58 19 FRAIE
z€ R DUSEEUR A ) B AE N s 5. 2R
VAT P9 JR 308 4R A B A 0 o AL i O 4 2 G o 38 1)
U PR 38 2ok 80 208 800 2 R K

U=U+U
H>1<W2 MU Gl

i=1 j=1

@)

s.=F,WU.)=

(2

2=F. (s)=0(BW,)) (3)
Ho 6 J& ReLU i, 82 BN IH—fL.We R, r
TR d 8.
d=max(C/r,L)
Hop L #08 d i/ MECER H i3S L=32).

4

e (Select) : ZE4FME z IR 5 1 H il b 26 £
AT A5 B 23 18] RUBE . 947 Softmax i85

Az B.z

e e

o et b T e
HHABER " .a.b Fm UMU i it A€
RVIEA S ¢ Mr.aE A S c TTR.B.A b, [
H.a +b =1, fp &R AEBLST V Rl i A AR L
AT A AR P V=1V LV, Ve Ve e

RHXW

(5

a. —

V.=a.,+U +b.U. (6)

SKB [ i W JA 22 ROEE R AE 18] AR 48 2% 4> A [

X G RUBE o 5 sz B D C ) 445 A0 3 o Tl ) 4
Bl B O 22 RO T 55 A B A A 3K

5 fREHEK

5.1 %5 % ETXER

BT 5 B A T R i R R
HEATHER 43 F 2B OCEZE. —J7 . WG A5 BT LA
S5 e 3 SR 1) TUART %6 B T IR o 38 WT LA e 1 340 1Y
A EAE B A RO AR BN S A5 B A R T @5
Yy AR ARSI L G HE I A i S B L O — Oy T,
L 1 738 A A T 25 R K A B T el 300 2 T 2 R
ik B0 AT D N E AR A TR AR B b B Y
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RV A4 A G 100 R 320 5% T Sk P AT 55 8 D) AH O L T LA
TEAGH I 14 BE 7 100 AR ELAR R H BT R 6 Y 32 A 4T
IRIE— PR IR, 32 3 SR 4 A O A L R R
B UM 5 T8 s 22 ) AR AL A5 DR R R
AR ARG I 532 MR T G280 14 268 3 A

TE 9 5 B B » BT T 2 90RR AIE $2 0RN 22 73 5
KPR, DL g i 452 B2 b DX AN A2 XI5 2 18] 1Y
DXL Sy 1 iE— 20 4 v 78 A S SRUAG: N0 30 7 1)
PERE - (E MRS Y BB T HAT B R SCBEIRCE 1Y
%51 BRSO E(EGCM). 7E gt i A2 o, R
I B B 4 A 1] 2 B2 #6280, {HAF ik [ Ay K/ (5
D AN TR S DR AR R 75 75 BEEAT interpolate [RAE
B 2515 LR SOy EGCMI 5 EGCMe.

7 s EGCMI 2544 18] i AR ik ol 80

{

interpolate

256

tmax

1 X1 Conv

WIE L 95 5K 128. EGCM1 (W~ 4> S22 B - 45—
Ay amE 10X 1 BB interpolate | SR AR 1E M i
ANFEE AT G A5 B X 1 5l AT %
Kl Canny B35 82 BURFAE 1B 301 45 B 5 58 0y S0
B—ar X 1X 1 BRI H &5 B S A CRRE & A
i ARGt 12X 1 B interpolate 13175 fk
5 R BE B GG B (E Bl it Softmax J2
75 31 725 A AR 2R [ R 31 2 W % . EGCM AN AT L 7
A Ak B # 5 B HL i G 3 R i Gk R A 4 A
J ) R AE HR R O A B4R R 0 R SO fE R
HEAT R I B AR, HE— AP o T 2 R 0 o it

EGCM2 5t E 8 i, B 5 EGCM1 1y X
B T4 AR E Y K T8 24 o0 256, R I 78 2 A7 —
RN B AR R T B EFT interpolate | R AR,

. !

128
25
— 5 128 ;
128 2
256
BN+ Relu 128 1X1 Conv interpolate
a0 28 128 128
128 128 128
2 82 2 256
2
E 7 EGCMI %54 &
1X1 Conv oftmax Softmax
o 256
256
2
256
g BN-+Relu
256 PN 256
80
256 -

K 8 EGCM2 %5#4F

£ EGCD-UNet3+ HE 4 i, EGCM it Il fiff 1
W BT A )22 ) i i DA AR A A b ME 6 ] s 2 1
G = i = R =g R T = W S 2o [ R 1 i
il = 25 K05 8., DR AR M T 2 S 1) 0 k. X 4 )2
) tE AU T 1 X1 A5 R B ok o AR 1k HE R AL
I A R A AR AR S A N A 3 R 1R
5.2 BEEMKEH

Fffih s 5 R OB B kit TR
A ESREDEREZ MBI EIRENE WK

PR AR R 4 B IR 25 FE E A N R AR O AR Ak
DX 5 A A8 A XA A8 R RS L R IR ) 45 RE % T
G35 2 A B REAE SE AT HE B A An 25 0. 18 G 1R
HAAR AR DX 30 HE AR b X B L PRI TTR F Focal loss™!
B E5 i DR A8 Ak A T IE B SRR AR S - i [R) L
Focal loss BRELR] FE78 N

1< : 5
Li= = 2 L= 5y log, +

(1= 31—y, log(1—3,) ] YD)
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1R 2023 4

AL
=B

Horbr N GE AR 3, 0 TN AR AR A, v, 2 LS. 8
VAL T o WELFITOCTE S8y (R D 11
FEA R AER o PRI 9 2% 72 Y1 25 ik 72 v 58 0 ¥ B O T
FEA. O T 7€ SCIGAS DN A5 2K A T 24 07 62 22 (Mean
Squared Error, MSE) # 2% s %%, 7] DA 15N

1< L
LZ:N,Z;(Z”_ZH)_

Horb =, R Gk b i FLSC(E &, 2 2GR D Y

WESRAE. A A B Bk
L=XL,+2L,

Forf A F0 A S TE AL (A

(8

9

6 EWETH
6.1 SLIWIRTEITLERE

A SLHET Pytorch 5 JEHESL, T 4 S5 5 &R Ak T
NVIDIA-SMI 460. 67 GPU (11 G) fil Python3. 7 5
B AR 2E ) R UG H A 0. 001, M EHER FI
2% 15 4~ epoch A N, 24 2 R T B 5 Y i 2% >
FE 0. 1 RS B Zhid FRALHR 100 4> epoch, &
PRECII S H o Ry 4300 B R 0. 25 Fl 2,08 2 6 o
BN E L EE N L1, =1:10, batch size % H N
12, R AL ES  Adam Fil 2 > 3 58 52 93 5 g ok Il
2R 2% A R B B 1 SR D RE A A5 B AL K S
b 1R BE FOXT LE BE (W BE AL IR RS . O T 08 T A B A
S 56 #2761 25 R i 8 R UEAT Y. Sk iE B
AR SC 28 AR - 5 LA 28 BB HEAT L3R 43 BT

(1) FC-EF™™. BG4 07 2% 8% BUE2S [B11R
HRIC Ol FONU iy s~ AL

(2) FC Siam Di''". $¢4F 2 fh 4 07 i 224
FCN Sk 4& L 2 R AE . JF 47 A 22 43 fil 5 R 25
5 5.

(3) FC Siam Conc™™. - FE K fil 4 )7 1 224
FCN 2 B 2 9 F: 1E . JF FH R 48 BF 3 il & BB 25
EISH

(4) STANet"™ | JLF g (1254 FCN J7 i, 1%
Ti BRI T I A R AL DA SRAR T 22 1 S5 G R AE

(5) DTCDSCN"Y | & R BERRAE §F 32 5 35 1% 07
PR A 23 A I BR 2R A FCN A, DA 3R
550 ELFE B ) R AE . TR AT FE A B S B AR
2 W S5 B4 BRI T 5 AN A0 S A B RS A

(6) IFNet"'™. 2 RUEERRAE BF 45 5 0% . % 0 1 4%
15 T8V 7R 28 [R] 3 3 L A A 948 45 2 B 2 1) XLt
ASREAE. VR B WaB CRI 31 55 1 25 R — 1 B 4t

) T B4 M I 2k rp )2

(7) SNUNet""™. 2 RUEE R AE 9F 82 07 i, %07 %
25 1 ] 4% F NestedUNett ™ A 45 4, DL BB %
1o R . AR T T B T RS 2% B — J R AR TR
JE W 2 34 W] T34 o o (R REAE 79 00 g

(8) BITP, 3t F transformer 725 & #; I J7 3.
A U} 285 AR 2R S LA BRI I T transformer
i T s 76 5L TR0 19 B 25 v i B R 3L R A
R SCFEE bR R IR 2 28 ], DL S i A
i A0 G R AL

(9) EGRCNNM &3 2% 5 5 33 15 4 B 22 1)
2, SRR S A B RN 0 S A5 0 e I A B 45 A 3
— N HEZE v, DL ek AR ARG 25 2R L 0 LR A i R R
i A S 0 B
6.2 HELE

J TIESE EGCD-UNet3 -+ B4 ik . Fo A7 %k £
SCHk [14-15, 17, 30, 33-35 ] o T Y B9 2 3t 04 4
LEVIR-CD f1 WHU-CD #1755 1E H %2,

LEVIR-CD J&— /> 22 3 i 7Y g 57 742 Ak 45 )
Bl . B 637 X R/ 1024 X1024 1975 ] 73
PEAR R 5 m 1K R B R R R FRATT A RN
MBS 4 43 1 T0 0 M RE AR T F Il 5, 100 T 38
UE 20 %0 FF K.t GPU 1 4 77 BR 1 K A A~
FEARFLBT S 16 4> 256 X256 R/NEY /N A S,
K 3RAET 7120,1024,2048 ) 256 X 256 MK 14,
paie i DAEIS R 2 NN 11

WHU-CD J& — 4~ 24 e 57 A8 {1k Ao I 40 46
BALE —XF R/ R 32507 X 15354 {45 [8] 43 B3y
0. 075 m ML HA &1 15 e BEBR N B0 42 43 H0F 18 %
BYERL 256 X256 K/NII/NE A T & T K BE
BLoF IR 4R 5205 B e 46 742 F L5 1486, 41
L E) He Ry 75105 2,
6.3 EMMiEMR

H T 3 EGCD-UNet3 + 76 LEVIR-CD FiI
WHU-CD %4l £& (19K 40 73 #1722 A Ve g . 78 55 3
T 5% FAPERE 847 : precision(P) (recall(R) |
F1 score(F1),overall accuracy(OA) F intersection
over union(IoU) , 3% $&TF Al $5 b1 Jhy 38 H 8 b Rk
wmr

TP TP
P*TP+FP’ R*TP+FN a0
_ 2PR
F1 =PTR (1D
B TP+TN
OA*TP+TN+FP+FN 12



8 M b A, LTS M 4% UNet3+ 138 B A% 7 50 A8 fb /il 1729
ToU— TP (13) %2 FELEVIR-CDHIEE FHTHHINLERILEK
TP+FN—+FP - - - ,

VRS P/% R/% F1/% OA/% ToU/%

Hep, TP ZEHHMER FP 2B HES . TN & H A FCEFIL 86.91 80.17 83.40 98.39  71.53

Mg N A5 I 5k FC-Siam-Dil 14! 89.53 83.31 86.31 98.67  75.92

6.4 IWHERSHM

%2 3 3 A BIER T4 LEVIR-CD fil WHU-
CD $dii 4 b i He S2 86 25 5. bk (bR i 2 18
JIEA X8 L I 28 B AR o % TUEE A B A i B . A Y
439 27 BT 4t T 45 1) 6 I 5000 HL A R B KR
TR,

M 2 iR, EGCD-UNet3+ £ LEVIR-CD %k
P4 B P AR 435 al Lk 8] 90. 75% ,96. 68 %, F1
H93.15% . OA "] LA3RAS 99. 12% e 3% . ToU Ny
83.96%. {% 3 i/, EGCD-UNet3+ £ WHU-CD
BARE R, P AR 491K 3] 91.75%.92. 42%, A
F1353] 92.08% ., 0A #1 IoU 43 %2 3% 3] 98. 96 %
74 91%. R MR 2 53R 3 AR AR
132 F 2 590 £ R 19 EGCD-UNet3 + #5717 )\ A [7]
FRE A 36 32 8 R AR B R SUE B e R A
AR TEAT B 0 A 25 TR0 X 22 RO 1) %k 2 R A A
LSRRl €

Ground Truth TFNet

Imagel Image?
) .

) ]
.ﬁ
’

."‘

[\,

i

ik
f

o
2

FC-Siam-Concl') 91,99  76.77  83.69  98.49 71.96

STANeth#3! 83.81 91.00 87.26  98.66 77.40
DTCDSCNE3! 88.53  86.83 87.67  98.77 78.05
IFNetl17! 94.02 82.93 88.13  98.87 78.77
SNUNet15! 89.18 87.17 88.16  98.82 78.83
BIT %) 89.24  89.37  89.31 98.92 80. 68
EGRCNN{30J 88.32 91.97 90.11 98.94 80. 32

EGCD-UNet3+  90.75§ 96.684 93.154 99.124 83.964

£ 3 EWHU-CDHIEE FHTURNERIEE

Ik P/% R/% F1/% OA/% IoU/%
FC-EFt! 71.63  67.25 69.37  97.61 53.11

FC-Siam-Dil 14! 47.33 77.66  58.81  95.63  41.66
FC-Siam-Concl'*!  60.88  73.58  66.63 97.04  49.95

STANetb33] 79.37 85.50 82.32 98.52  69.95
DTCDSCNLE34] 63.92 82.30 71.95 97.42  56.19
IFNetH7] 96.91 73.19 83.40 98.83  71.52
SNUNet-15] 85.60 81.49 83.50 98.71  71.67
BIT [35) 86.64 81.48 83.98 98.75  72.39

EGRCNNE#! 90.88 89.19 89.33 99.07 73.58
EGCD-UNet3+ 91.75y 92.424 92.08% 98.96y 74.914

6.5 WKLo
AT A A 6.4 R ESR R 2 gk 3
S0 B4 56 BT Ak o B (L 9. I’ 9 o B B ek

EGRCNN  EGCD-Unet3
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Bl
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AL
=B

S 1) DX I M R HE 28 1 R, W&l 9 TR, IFNet,
SNUNet,BIT I ECRCNN 237 4 # 43 2 50 4 i 46
W e 2.3.6 17 HEZRAE X IR I 7. o] LA i, fr 4
EGCD-UNet3-+ M £ 0] 4 3k 2 ¢ H & 1 b 1) 45 18
P S ARG I P X n] I3 3 SKB AEER O X
SARWGE Y 1T 305 B A 8 N3G SR FRAE R AERE T
AT T ASSERE RN R 8 SO 42, fif HL B8 4 F B8
TILfrgn s M2 4 % 5. R, i F 5 A T DEM,
EGCM #E5e , F] Fl FRAE ] 15 18] A 56 Pk 56 £ K38 AL
B P B R BT o R R A i A SR 4 AR A G T
TR Qe 9 5 1.4.7 47, 28 Al B A5 B AT LA .
X2 7 i B R AR AR A T
6.6 HELXLIS

TEFEH ) EGCD-UNet3+ 2% it , 4% A~ 5 B R
B ) oA 3 BT AR Ak A TN T A A Y ) A
o H BYER IR R T G 5 = 43 R 0 R R REAE B ECRN
FAERE S, R T VFAl A A BB 4 M R B o 0 M 1A
AR BT DT R o> B4R R 4 TSR 5 IEAE
B4 LEVIR-CD fl WHU-CD | 58 A1 il 52 3.

Horn XN AR A B s TR A AR

% 4 45 58 DEM, EGCM # e 78 EGCD-
UNet3+ @4 F . AT LLF] T4 AE 8] s 18] A OG H: 56
F I AL E A B RO E R R AR A T
He2k 78 LEVIR-CD $4l5 % I P.R.F1.1oU %4845
ARG 2% DL b i SKB BB A (3 3 )0 4 5 4 F
FAEBE T - L UE 5L Tk 37 BF - iy X AR AIE (8] 22 RO =5
6] 2075 {5 8 B e, £ LEVIR-CD |, M It T 51
A DEM fil EGCM 1fi %, P.R.F1.0A . IoU % 4% 7
A3 5 8 K %) 90, 75% . 96. 68%,93.15% . 99. 12% .
83.96 %. £ WHU-CD i #fs 4 1, 4 W0t 45 b 4B
BEETE. M P.R.F1,0A, IoU £ 15 #1 #B8 15 5] 41
Ft .1 P.R.F1.0A . IoU 455> 5555 91. 75% .
92.42%.92.08%.98. 96% .74. 91 %. [Ntk L5 %K
P B, T4 1 EGCD-UNet3 -+ X 55 4 ¥ % 3% ik
BIG AR AL A A7 — 2 1Y BAR. 3R 5 B FOUL b bl A
DEM .EGCM F1 SKB 4 /> 5 He 50l 1 57 #ik. 38 3
5 A5 R DLW R A 45 LR DL — 20 ok K
PEI A5 A SR A28 A A T 1 M B L B2 T 2 RIS B2

F4 ETHBHBME UNe3+ 8% 5| SEHE M M 2 EGCD- UNet3 + & 1R 1 Bl LI Xt tb

" YEITE S
. e - -
Ik LEVIR-CD WHU-CD
DEM EGCM SKB P/% R/% F1/% OA/% IoU/% P/% R/% F1/% OA/% IoU/%
EGCD-UNet3+ (Ours) X X X 86.77 93.34 89.94 98.28 77.45  86.49 87.31 86.90 97.42 70.55
EGCD-UNet3+ (Ours) </ X X 88.09 94.45 91.16 98.63 79.62  89.65 89.92 89.81 97.83 71.96
EGCD-UNet3+ (Ours) </ J X 88.86 95.80 92.20 98.90 80.32  90.38 91.09 90.73 98.54 72.85
EGCD-UNet3+ (Ours) </ J J 90.75 96.68 93.15 99.12 83.96 91.75 92.42 92.08 98.96 74.91
x5 ETHRMBME UNet3+ 1845 ST UM M 48 EGCD-UNet3+ B 2 B i g 516 33 bk
N - : : B4R :
Ik LEVIR-CD WHU-CD
DEM EGCM SKB P/% R/% F1/% OA/% IoU/%  P/% /Y% F1/% OA/% IoU/%
EGCD-UNet3+ (Ours) X X X 86.77 93.34 89.94 98.28 77.45  86.49 87.31 86.90 97.42 70.55
EGCD-UNet3+ (Ours) </ X X 88.09 94.45 91.16 98.63 79.62  89.65 89.92 89.81 97.83 71.96
EGCD-UNet3+ (Ours) X J X 88.32 93.94 91.04 98.71 78..55 88.93 88.75 88.84 98.01 72.14
EGCD-UNet3+ (Ours) X X J 88.96 95.03 92.39 98.58 80.21  90.32 90.58 90.45 98.28 72.69

7 HRIF

S T R R BRGSO T
BE T 4 A5 0 4% UNet3 + 14 1 2 51 5 25 16 46 1) 19
4% EGCD-UNet3+. i W 25 16 4 i i b BE R FH T
DEM,SKB.EGCM S X6 ¥ (1 8 11 i A 7] F# 1E
Bl 2 2 R 2 IR 218 SO B B BOR A
TV REAE B 22 RUBE BN SO KT $i Y ) I 45 A
#{E LEVIR-CD #f1 WHU-CD (4R 4 B8 7 #&
L BIRCR. AE LEVIR-CD 464 FAS R P nl ik 3]

90.75% . 3 A% R A #4 K 5] 96. 68 % , Fl-score
JNE] 93, 150, B4y FIRE B8 OA 155 99. 12%,
HAZHF e ToU & 3 34 jin 3] 83. 96%. £ WHU-CD
ByEAE RS vESR P a3k %) 91, 75%, 4 8l 3R R W[ 4%
K3 92. 42% , Fl-score ¥ ] 92. 08 % , i {A& 4y
Kt B OA 355 98. 96 %, H 22 It ToU g 3% 38 i
) 74.91%. il i v AL BT, BT B T RS T G
T L3 S ekt DA K 22 28 ) 4% RLUJBE X6 42 1) 722 o AGr
D AR W W58 b TR ATH 2 EGCD-UNet3 +
(R 25 AR HAE ) B B 22 1 B 4R L O o A R el R
HH AR B R 3 1 22 2SR I G B ARG DN R - b 7 T Sy
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Background

In the field of remote sensing, the change detection is a
basic task to identify and locate objects of interest from
multi-temporal images collected in the same geographic area
at different times. There are two types of important problems
to be solved, One is that the bi-temporal remote sensing
images are affected by natural factors such as illumination
conditions, seasonal changes, thus showing large spatial
spectral differences. In this case, the linear difference method
is difficult to achieve accurate results. The other is the feature
identification problem caused by the dense distribution of
buildings, the shadow effect, the similarity of objects and
ete. Due to the mismatch between the high level of abstraction
of deep features and the comprehensive shallow spatial infor-
mation.

Currently the UNet-based networks such as UNet,
UNet++ is used for change detection in remote sensing
because of its excellent performance. However, the UNet uses
ordinary skip connections, and UNet+-+ uses a network

structure of nested and dense skip connection. Those connec-
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tions are in essence a short connection, which does not directly
extract enough information from multi-scale information.
Furthermore, it is difficult to make good use of the original
features of multi-scale information due to the problem of
information fusion from individual connections. Therefore,
some researchers introduce the attention mechanism to change
detection, which is helpful to enhance changing features by
automatically weighted to feature maps. But this results in
large computational complexity and memory capacity. The
Siamese network is another choice. It is proved that the
Siamese network is a good solution for the change detection
task for distinguishing changing pixels from invariant pixels
in multi-temporal images detection. But the Siamese network
usually has more network layers, which will bring the possi-
bility of gradient disappearance, so the training of the network
is more difficult.

This paper proposes an Edge-Guided Change Detection
Base on UNet3+ (EGCD-UNet3+) after analyzing the exist-
The UNet3+ uses the full-scale

ing processing schemes.
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skip connections to directly combine both the deep and shal-
low semantics from different scale feature maps, and learns
the hierarchical representation from the multi-scale aggrega-
ted feature maps. However it ignores the object scale during
feature extraction, resulting in the mismatch between the
receptive field and the scale. Therefore, the EGCD-UNet3+
first designed a Selective Kernel Block (SKB) with adaptive
receptive field to replace the original block of the UNet3+,
so that the image pairs have properties of adaptive receptive
field, when extracting deep and shallow features. The EGCD-
UNet3+ is composed of two parts; the encoding and the
decoding. On the encoding side, due to the ability of captu-
ring the long-term dependencies and modeling the context
relationship of pixels, the Long Short Term Memory
(LSTM) is used to design a Difference Enhancement Module
(DEM) for analyzing the temporal correlation between image

pairs, and solving the long-term dependency problem of the

bi-temporal itself. On the decoding side, the EGCD-UNet3+
proposes an Edge Guided Context Module (EGCM) to further
improve the performance of building detection boundaries and
effectively extract multi-scale spatial edge information at a
finer-grained level. Finally, the EGCD-UNet3+ uses the
composite loss function with both pixel segmentation error
and edge segmentation error, so that the network can fully
learn effective features for accurate label prediction.

The proposed model is validated on the LEVIR-CD
dataset, the precision(P), the recall(R), the Fl-score(F1),
the overall segmentation accuracy (OA) can be increased to
90.75% . 96.68%, 93.15%, 99.12% respectively and the
mean intersection over union (IoU) is significantly increased
to 83.96%. By visual analysing, the proposed scheme
achieves more accurate semantic boundary improvement and
transformation detection of objects of multiple categories and

scale.





