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MAFNet: A Multi-Path Asymmetric Fusion Network for Metric-Based
Change Detection in High-Resolution Remote Sensing Images
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Abstract: Existing deep learning-based metric change detection methods focus on the extraction of high-level change
semantic features, which is difficult to capture changes in fine-grained targets, and the detected change boundaries are
blurred. Some methods introduce low-level visual features containing high-resolution and detailed features, but these fea-
tures are more susceptible to interference from pseudo-change such as internal details and lack reliable long-range dependen-
cies. In response to the above problems, an end-to-end metric-based change detection network based on deep learning is
proposed, named multi-path asymmetric fusion network (MAFNet) for metric-based change detection in high resolution re-
mote sensing images, which can detect sharper boundaries and more complete fine-grained targets. MAFNet proposes a
multi-path asymmetric fusion network to capture long and short range dependencies, and refine coarse high-level semantic
features with fine-grained low-level visual features. MAFNet proposes a metric module based on deep supervision to obtain
more discriminative features and end-to-end measure changes. Experiments show that compared with other six benchmark
methods, MAFNet achieves the highest accuracy on both the SYSU dataset and the CDD dataset, with F1 scores at 80.56%
and 95.02%, respectively.
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[ SR FH T 235 ] 3 5 A R R 3 3 e e
3.3 LHEHET

(1) Z¥kE

A BT A I S 5 #08 H Pytoreh 1.7.1 HEZR S
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Ik AR H SR . X EERE RN R & T
B Al S 35 B mT A AR G AR A G &R B E AR 1
X3k . 2 B4 A X FR a5 A B mT LR Ak R IR R
TIE 40 P00 R 25 i SRR AE A 5% 1) FH 22 SRR AE R

18 SR T B T U A 5 80 . Base 155780 R A
FNKEB AR, (H 7= A B 45 F 30 R B 5, o 200k b
Y AE AL AN EURR . APNB AR TE Base £ [Ff F1 AR
T 0.88%, APNB [ 5] AXE N T 2%, 0 T IR
5 Base fSRAUAH L, MAFM B9 F1 4255 T 2.49% , 0870781k
PE] %) U T RIS I, 7= 24 T AT 10 30 5 R 45 5 240 e B
Yy ey R I BE F1 . APNB I MAFM (9 [R]AHIA , 76 Base
ALK FLER S T 4.09% , A 1258508, ol DA B RS
AR LA

%3 MAFNel7£ CDD B 6 F#YE ph 216

Tk Precision/% Recall/% F1/%

Base 90.26 91.62 90.93

APNB 91.61 92.00 91.81

MAFM 91.65 95.25 93.42

MAFNet 93.36 96.73 95.02
100 I VAR 0

HIrH/%

Recall F1

Precision

POREACRTE 2 4
(b) 455 PRERCE T Fil S 5
7 HRESEY

Precision

XSRS
(OR AN 55

(2)  $5K SRBORUE T A S 56

X4 R R B AT TR, S K 4, T
HWIE X WA 7(b). AT LIE H A I 25 4 A R 7
CDD 5 s 4 F AT T iedf iy fg . 8 ml LA b, X%+
AR R AR B, B SR P REAS AR [A] , (3 (R 1 g
2SRRI . AR LB R W, B R A Y 1R AT
A MRS, BSCR IR IS, LLTE 4 B AR R Y
PETE .

(3)  MAFM BEHAEH b 52 55

e 2 B R AR X R A A W T 44>
MAFM 3k @l & 5 FoA 8 RO B RR1EM5 B . i T 58 0F
MAFM il & 22 ROBEFREAE B9 A7 240ME , %k MAFM A8 1 78 il
5T . THEL S TE CDD B 45 AT, 5 R WL s,
EAIEX WE7(c). ATLAA A 1~4 1 MAFM J5 1)
F1 93T T 1.03%,0.31%,0.67%,1.20%. A, i 5t
HEM MAFM A%, 28 ARSI 235 SR Bk i o, 2 AR SC
K44 MAFM B8 850G B
3.7 MEEZESH

S BB (Params. ) Y| Zk—A> epoch T 75 19 B

[ MAFM 1

(R

Recall F1 Recall Fl1

Precision

X AR SR
(¢) MAFM BLHANEH il SL 56

EHEEEEE
A BRBBE
s
AR

- Kl K Bt i

(@) (© (@ (e) ()

[€ 8 MAFNet 7£ CDD 4 4 L 19T a2 567 4] (a) IR T1; (b) EIS
T2; (c) BAAAREE; (d) Base; (e) APNB; (/) MAFM; (g) MAFNet

F4 FRMEEBNEBRER

ENGERESTE 4 S 2, | Precision/% | Recall/% | F1/%
Loss_1 0 1 92.55 96.24 94.36
Loss_2 02 | 08 92.62 96.64 94.59
Loss_3 04 | 06 93.41 96.37 94.87
Loss_4 1 1 93.36 96.73 95.02
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RS5 MAFM R HGE R E0IE

MAFM 84~ 5L Precision/% Recall/% F1/%
MAFM_0 91.61 92.00 91.81
MAFM_1 90.84 94.93 92.84
MAFM_2 90.97 95.43 93.15
MAFM_3 91.98 95.74 93.82
MAFM_4 93.36 96.73 95.02

6] 77 2B (FLOPs) #1 F1 PUAS 5 123 B T MAFNet F

) 2 & B0 H 50 2 ARG B L 3 AT BB R AT B R AE 4
HUHE J1 %555 . MAFNet f) Params. /N F DASNet A1 IFN,
FLOPs Al 2RIt A] 28 /N F DASNet ATTFN. B9k MAFNet
£ Params. \FLOPs MY ZRA 8] 1 7% 5 F STANet, {H F1
Ft STANet (5 3.44%. $2 H 1 ) 45 3l L 4 4 T 42 32 10 5
Bt ok SR R B B, W] T MAFNet 7558 221 Al
B =2 A EUAS: T B g -
*6 MMEAELL

INFRSEUE O PERE . DU 8 FR ) B BUE LR 6, F ik Params./M | FLOPs/G i fil/s Fl/%
O WML R BLAR M gk Atk M gk TeSmedl | L 4 w
FC-Sima-conc 1.55 5.33 348 68.12

JINJE 1x3%256%256, {H 1 DI 21t 18] 1Y batch size 1% B
e \ f ‘Jr%;” A jLEI!j I batch size X/Eﬁ FC-EF 1.10 2.02 338 85.90
8. WTLAEH 767 M ik, r e th i) MAFNet 3845 1 DASNer 4822 10072 2330 92,15
e 1Y F1 R XT84 ) Params. . FLOPs FHI| 2515 [A] . IFN 50.44 82.26 1245 79.15
ELA ] 2R 58 1) W 4% (FC-EF . FC-Sima-conc Hl FC- STANet 16.89 6.43 171 91.58
Sima-diff) HA 3K T A FIA Y &2 % i, {H 1k st MAFNet 43.89 17.49 619 95.02

100 Ry yee oy 100 — 100 . , : :

1,
90. ASTANet  Aa | oo | ARG A | oo ASTANG ™" DASNeta |
AFC-EF IRLE L & FC-EF DASNet i
< 804 AIFN < 801 AIFN < 804 BCED AIFN
= 7O'AFC—Siam—conc 7 . 7O'AFC-Siam—conc " 705 A FC-Siam-conc
60- ] 60 60
so L FC-Siam-diff so AFC-Siam-giff &5 FC-Siam-diff _ ‘
0 10 20 30 40 50 60 0 20 40 60 80 100 0 500 1000 1500 2000 2500
Params./M FLOPs /G s TR) /s
(a) Params (b) FLOPs (c) i“lf}?*/l\epoch}i)f%gﬂ/ﬂﬁﬂ’lm
9 Mz PEREXT L

4 it iy . P EARERI RG], 25 B TAER 223 58 X biee

AR SCHRE T — L T UR B 2 = %) i 8 ity ) JBE A
PRI R 28, FR ok F T 85 0 R G 188 i AR Ak
Wi 22 A2 R XS Rl X 25 (MAFNet). MAFNet 345 3
AP R S | 22 AR A X Rl B 090 2 R 3 TR
JFE W E RS . MAFNet 2 H 7 —Fh 22 B AR AR 4R
FlA 2% AL FE 1A EXTFR 4 FIE AR SR R H A 4 A4 2 1
AR X AR il B AR, SFe Fof % 328 R AR M G 2R R FH A b B
TRGRRAE A0 AL KL 5 s AR AR, P A LA i S B
Y RlAFEAE s MAFNet 42 T —Fi 56 R 3 W B 1) J3
BB, AR IBCRE L) 7 A St X i P 00 B R i ] 1)
P ORI AR AL . 5 6 FhiR BE =4 > AR LRI Jr i A 1
P A 7 A 7E SYSU M CDD 04 48 F R R4, FL{H
O3 AR T 3.40% 1 2.87% , K6 2 A 3 SR b,
RE VA UL B 000 H ) i A5 Ak . 78 CDD i 4 kit
T AU AL il SE 5 51 % bR B T il S 50 R 2
B X FR A A H A 50 S 56 e 3 7 il S R IE
A A 350 . 0 R 28 52 B PR TEA T T X LA T, S8
FERAR H Y 7 W AR 2 2R R B P ) BRAS: T B 4

> AN 51
5% 3k
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