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Abstract: Objective Airborne-relevant image segmentation is one of the essential tasks for remote sensing, which can
assign a semantic label to each pixel in an image. Its applications have been developing in related to such research domain
like land use, urban planning, and environmental surveillance. To analyze the segmentation results of airborne image, most

of conventional methods are concerned about label-manual features like scale-invariant feature transform (SIFT) and histo-
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gram of oriented gradient (HOG) . Their performance is constrained of features-selected intensively. It is still challenged
to deal with such complex scene. To optimize image classification tasks, the deep convolution neural network (DCNN) has
been melted into pixel-wise classification issues like airborne image segmentation. The ability of DCNN is linked to auto
task-adaptive features extraction for training to a certain extent. Fully convolutional network (FCN) can be used to improve
the performance of airborne image segmentation. FCN-based UNet and SegNet are followed and developed further. A newly
encoder-decoder design is involved in for airborne image segmentation. The fixed-size convolutional kernels are employed to
capture contextual information for segmentation. Deep learning technique is beneficial for airborne image segmentation, but
the output-learned is restricted of single-scale and local. In fact, it is required to handle the two challenging issues in air-
borne image segmentation as mentioned below: 1) remote sensing based multiple objects, and 2) multi-source images
based heterogeneity. The first task is focused on multi-scale contexts for segmentation. The second one is developed to get
discriminative information more in terms of global extraction. To alleviate the limitations and improve the performance,
these two kinds of methods are compared to FCN-based methods. However, the mutual benefits are not included and the
interference of confounders is leaked out. So, we develop a causal and effect-intervened segmentation method to suppress
the interference of confounders. Method In this study, a progressive multi-scale cause and effect intervention model ( PM-
SCIM) is built up. First, the PM-SCIM takes ResNetl8 as backbone network to extract convolutional features of airborne
images. Then, a de-confounded module is designed to measure the average cause and effect of confounders on the convolu-
tional feature through stratifying the confounders into different cases. In this way, to suppress the interference of a specific
confounder, it is possible to collect objects in any context confounders indirectly. Next, the de-confounded feature genera-
ted is used to analyze the segmentation result from the deepest layer. This overall scale segmentation result can be obtained
while a fusion module is fed into the segmentation results are guided in terms of de-confounded features from shallow layers.
Finally, all segmentation results are fused via sum-weighted. The PM-SCIM is trained on two datasets of those are Potsdam
and Vaihingen. For Potsdam, we choose 24 images for training and the remaining 14 images for testing. For Vaihingen, we
select 16 images for training and the remaining 17 images for testing. To make full use of computing resources, a 256 x
256 sliding window is used to crop the input images for generating training samples. At inference phase, the same sliding
method is used to crop input tiles from the original testing image and they are processed gradually. For training, the
momentum parameter is set to 0. 9, the learning rate is kept to 0. 01, and the weight decay is configured at 0. 000 01. The
SGD ( stochastic gradient descent) learning procedure is accelerated using a NVIDIA GTX TITAN X GPU device. A poly
learning rate pathway is employed to update each iteration-after learning rate as well. Result Our demonstration is compared
to 4 popular state-of-the-art deep methods and 7 public benchmark data sets. The quantitative evaluation metrics are com-
posed of overall accuracy (OA) and F1 score, and we offer several segmentation maps of benched results for comparison.
Specifically, the OA is increased by 0. 6% and 0. 8% each (higher is better) , and mean F1 increased by 0. 7% and 1%
of each as well (higher is better) compared to DANet on Potsdam and Vaihingen. The OA is increased by 1. 3% , and the
mean F1 is increased by 0. 3% in comparison with CVEO2 on Potsdam. The OA is increased by 0. 5% and the mean F1 is
increased by 0. 5% in terms of the comparative analysis with DLR_ 10 on Vaihingen. The segmentation maps showed that
our method has its potentials for small objects (e. g , car) and ambiguous objects (e. g , tree and lawn) . Additionally,
to clarify the effectiveness of multiple modules in PM-SCIM, a series of ablation studies on Potsdam and Vaihingen are car-
ried out. Conclusion To suppress the interference of confounders using cause and effect intervention, a novel segmentation
method is proposed and developed through melting de-confounded module and fusion module into ResNetl8.

Key words: airborne image; semantic segmentation; convolutional neural network; causal intervention; de-confound
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2.3 HELXIG
2.3.1 EESMH

PM-SCIM 435 fif 1R 22 A B ( DCM ) Fl gl G A5 B
(FM) . 7 56 UE 33 9 A A5 B 9 A 250t | 1 20 T3
FEA X 2% ResNet18 F£ ISPRS Potsdam Fl Vaihingen
Bl L EIPERE . S8R5, 7F ResNetl8 14371
TIPSR v B, W EE 1 B, nTLE
WA IR 22 B B S PM-SCIM £E Potsdam £l
Vaihingen ZUPE4E 9 OA 4353 T 2% Fi14. 8%
]S, A FH il A A Bt A 1 X 22 RUBE PR 70
ResNet18 7£ Potsdam F1 Vaihingen {4542 [ OA 43
FIRTET 1.6% F1 4. 7% . 5 WA B[] Bof o 42 31
ResNet18 ,PM-SCIM 7£ Potsdam F1 Vaihingen #(#}i %
R OA 43 IR TE3 89. 7% F190. 3% . FJa, ik,
TIBCR AR SR HR A B 25 AR, it
TINBCRFERAERENS 1 15 1 b @l 22 RO 4> H1 45
B R) Sr HIPERESR T T 0. 6% F10.5%

F1 FEEZET PM-SCIM KJIERERTLE
Table 1 Performance comparison of
different setups of PM-SCIM

0A/%
HTM% DCM  FM WS
Potsdam  Vaihingen

ResNet18 - - - 87.2 84.6
ResNetl8  V/ - - 89.2 89.4
ResNet18 - vV - 88.8 89.3
ResNetl8 vV - 89.7 90.3
ResNetl8  V/ vV Vv 90.3 90. 8

TR TR B AR S5 R, V7 FoR R AL -7 FoR
ARKH

2.3.2 EMEIHT

TS, O T S G TR A R A A T e R B A
TSR FF oy EIVERE , (5 FH 9 25 i o [ R AE 28 47 n R4k
O3t BT IR TP, baseline £
U ResNetl8 1 2 53 FIHE A, PM-SCIM 2R 7E
ResNet18 B&filt b B fige R 2 A e, &1 v 1) 288 91 4
fEJ2 i 4 ResNet18 i A9 45 FURFAE 5 T T
SIHEIGIRN T x 1 BIRSEARG R, BT 21
30T LU Y, AR AR K T 5 4t A0 0 22 S W] 2 (H
baseline 53R XELLIX 73 EA1T, 53X baseline 15 21 14 #}
ARFHE GR35 X R BSR4 D DR 2 e 4
FEAE i o) EE BV R 2 ] s A 408 o4 307 K A
A SE A R T I, AR 2 AR T TR
FIB A O 4 562k, i PM-SCIM RE % 3K 45 785 Bbr 14 i
o, W7 52 47T LIA i T4 5 5 Bl R
YIAEH AL, 520 baseline H GBI A H 32 485 52 1)
BN A RN 2 Tl PM-SCIM 58 i [R5 F
BT 4k B MERZ R EIOCHR M TR
P THA5 B 230 50 B s U I 2 6, Rl A8
B VE IR 8 B, 1455 Bk RE % A7 SOH 3 O ir
g/ B R, B 424,
2.4 PEREXTEESCEE
2.4.1 HMKRWRESAIHEM T

2 FER 3 435100 PM-SCIM 5 H Fi AT i 4k
T2 RE R UF ML R T SCE B MR ES:>]
TRt gt 5B HARHL U BB PSPNet( Zhao %5,
2017) , DeepLabv3 + ( Chen %§,2018b) . S-RA-FCN
('serial relation augmented fully convolutional network )
(Mou %5,2019) .DANet( Fu %,2019) ,CCNet( Huang
4 2019) F1 CGFDN( Zhou 45,2021 ) /E R XF L 77 15
9T SRR 6 T R R ] ResNet18 524
H M, "TLIEH , DANet 7£ Potsdam #1 Vaihin-
gen B4 4E I AY OA Fl mean F1 43 % T Deep-
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PHBIRFIE Z [A] YRR G 28 . CCNet i FRi 4L T DA-
Net Wiy A TEE A, Bk T 25 0] BB R A
W15 B, 5 B &1 7 F) 45 R 08 I T DANet, 1
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Fig.7 The effect of DCM ( (a) airborne images;(b) ground truth; (c) class-wise features of baseline;
(d) baseline; (e) class-wise features of PM-SCIM; (f) PM-SCIM)
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Fig.8 The effect of FM ( (a) airborne image; (b) ground truth; (c¢) without FM;(d) with FM)

F2 MHEXREFIFH AL Potsdam HIEE LA BIER
Table 2 Segmentation results of related deep learning methods on Potsdam dataset

/%

Y LA OA mean F1 B

RifkEW @5y A W % 10U
PSPNet( Zhao %,2017) 90.7 94. 8 84.1 85.9 90. 5 88.7 89.2 71.7
DeepLabv3 + ( Chen % ,2018b) 89.8 92.6 82.6 83.3 93.2 87.1 88.3 70.0
S-RA-FCN( Mou i“;%,2019) 90.7 94.2 83.8 85.8 93.6 88.5 89.6 72.5
DANet( Fu %,2019) 91.6 95.4 85.1 86.8 94.2 89.7 90. 6 74. 8
CCNet( Huang % ,2019) 90.3 929.1 84.3 86.0 90. 1 88.3 89.0 70.9
CGFDN( Zhou % ,2021) 92.1 95.6 86.3 87.9 94.9 90.3 91.4 75.6
PM-SCIM 92.1 95.9 86.0 87.9 94.5 90.3 91.3 75.4

TE DL RS 7R 2 81 e fle 2

SPERE T 0.7% 1% . (HATER MR, CGFDN  ANUUARL, S350 42 e UORE A R0 10 2% 1) 0 1 ok
5 PM-SCIM 7E Potsdam {4l 48 L HUAR T L AHIE 5L AZERFIIE B 00 A4 OC R R 08 1R 47 h 2% i
) OA Fll Mean F1 7348, HJREFJE Potsdam £ M0, B FILAC R CGFDN BB 5 PM-SCIM ik % 4H
FAELE R IR P, 2 BRI R A S 5y [RIAACR . T Vaihingen 242, 2R 5 —Fhai
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Table 3 Segmentation results of related deep learning methods on Vaihingen dataset

/%

s L OA mean F1 el

RiFKEW  @¥y g W L3 10U
PSPNet( Zhao % ,2017) 90. 6 94.3 79.0 87.0 70.7 89.1 84.3 74. 1
DeepLabv3 + ( Chen ii‘fp,ZOle) 91.0 94.2 79.9 87.8 85.0 89.7 87.6 78.5
S-RA-FCN( Mou %,2019) 90. 5 93.8 79.6 87.5 82.6 89.2 86. 8 77.3
DANet( Fu 45,2019) 91.0 94.5 80.9 88. 1 83.9 90.0 87.7 78.7
CCNet( Huang %,2019) 90. 8 94.3 80.5 88. 1 72.1 89.7 85.2 75.2
CGFDN( Zhou % ,2021) 91.9 95.0 81.5 88.7 85.0 90. 6 88. 4 79.8
PM-SCIM 92.0 95.3 81.8 88.7 85.5 90. 8 88.7 80. 2

T IR R R 45 51 e AL 2

G R B ), RIS 5 R b AR 4R B, R B A
R AR OC R TG R N X S ), i B R SR T
T, AR S5 1% e A% B Dy 4 i i Rl RE, BT LA, PM-
SCIM 4 OA Ml Mean F1 43> %053 %] He CGFDN &
0.2% F10.3% .

TREE 2% 2] J5 68 L 52 5 e T ARAR 25 SR ] 9
K10 fron, ATRUAE Y, A SCHE HY ) PM-SCIM fE 8
0 B A G40, PRI A5 P9 AR B v S — B
[, PM-SCIM 145351 45 S 75 2 1R W 48 3 Py 1A iy 341
G AR T AR 2 2] Ok

9 RERE S IR Potsdam B8R4 I AT ALY L2
Fig.9 The visualization comparison between different deep learning methods on Potsdam dataset ( (a) airborne image;

(b) ground truth; (c¢) PSPNet;(d) DeepLabv3 + ;(e) S-RA-FCN; (f) DANet;(g) CCNet;(h) CGFDN; (i) PM-SCIM)

F 4 BN TR OCUR BE 22 2] 5 ik iy 5 [a) R[] &2
ZRPE WA S 4 M AT ], R s T i ) oy
X EE 7 Bl A GTX TITAN X &3 100 4~ K14
He(R5Fh 256 x 256) B9RTE], 5 PSPNet,S-RA-
FCN .DANet Al CCNet AL, PM-SCIM {38 n T £ £
10 MB A2 S8R 6. 5 s imATI ] K s A i =
T TED0.6% , PM-SCIM B SRizF7H}E] . Dee-
pLlabv3 + Z 1 1.5 s (HZHE SLBME 13K 32 M, H

MARMERRAETE = 1. 1% . [FRE T CGFDN,
PM-SCIM HARIEK T84 7i} [E]  (H > T 7T M =
B | T RE T 4 T 2 R ) Vaihingen B
P LIS T AT BIERE
2.4.2  SIMETTAT

T B IAE PM-SCIM B4 &%k, 5 7 4
TR 3 e 7 35 347 % b, A2 8§ CVEO™ ( Chen 4%,
2018a) ,UFMG_4 ( Nogueira %5,2019) \RIT_L " ( Liu
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B 10 ARIRTRE S 2] 754 Vaihingen B4 I 0] AL X Ho g -
Fig. 10 The visualization comparison between different deep learning methods on Vaihingen dataset ( (a) airborne image;

(b) ground truth; (c¢) PSPNet;(d) DeepLabv3 + ;(e) S-RA-FCN; (f) DANet;(g) CCNet;(h) CGFDN; (i) PM-SCIM)

F4 HXREFZIFEMEBEMNZESSREXLL

Table 4 Comparison of time and space complexity with

related deep methods
A ZHE/MB ]/
PSPNet( Zhao 5% ,2017) 16.8 1.0
DeeplLabv3 + ( Chen %5 ,2018b) 54.9 5.9
S-RA-FCN( Mou %,2019) 13.2 1.1
DANet( Fu 4% ,2019) 12.6 2.6
CCNet( Huang %5 ,2019) 13.3 5.4
CGFDN( Zhou %5 ,2021) 29.5 2.3
PM-SCIM 23.0 7.5

TE R R R 44 91 e AL 2

4 2017 ) . UZ _1 ( Volpi I Tuia, 2017 ) , SVL _*
(Gerke,2015) KLab_2( Kemker 55,2018 ) il DLR_
10(Marmanis 55,2018 ) . i /7 L4 Potsdam £ 4
LW HIZERMFE S Pos, ATLVE N, ARSI
PM-SCIM 143 #1245 A OA Fl mean F1 PIIHEHR |-
PRt 7 A A TR AE T L BAR LU, PM-SCIM
B BB Y CVEO2 Y OA fELM 89. 0% #2F+ %
90.3% ,mean F1 M 90.1% T2 91.3% . FE &
PR Sy a0 e oy vk G TR A SR i RUBE 1 F S
B2 TR R T B R E R, T PM-SCIM 38 i
PR 4 7 XA ALz e 1 50t 4R v D i SR VR
Z PR o) 8 611 o T B A 7 3 4E Potsdam

x5 AXFESEAETIEAE Potsdam HIEE FHFTLER

Table 5 Comparison of results between the benchmark methods and ours on Potsdam dataset

/%

R
el 0A mean F1
AR jesitk 7] (BiER i %
CVEO2( Chen % 2018a) 91.3 94.5 86.5 87.7  95.1  89.0 91.0
UFMG_4 ( Nogueira % 2019) 90. 8 95.6 84.4 84.3 924  87.9 89.5
RIT_L7( Liu 4% ,2017) 91.2 94. 6 85. 1 85.1  92.8  88.4 89.8
UZ_1(Volpi 1 Tuia,2017) 89.3 95.4 81.8 80.5 86.5  85.8 86.7
SVL_1( Gerke,2015) 83.5 91.7 72.2 63.2 622 7.8 74.6
KLab_2 ( Kemker %,2018) 89.7 92.7 83.7 84.0 9.1 86.7 88.4
PM-SCIM 9.1 95.9 86.0 87.9 945  90.3 91.3

TE L P R R & S e o4
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B 11 ASCH P55 TE Potsdam A9 AT LA L 25 SR
Fig. 11  Comparison of visualization between different benchmark methods and ours on Potsdam dataset ( (a) airborne image;

(b) ground truth; (¢) CVEO2;(d) UFMG_4;(e) RIT_L7;(f) UZ_1;(g) SVL_1;(h) KLab_2; (i) PM-SCIM)

MG L B 5 JLT- e S 7 A3 21 0 42
Wiy RIS RAREAWRTS  EATRR S 4 B o
SR T E 5 Z R C R, PM-SCIM i i
R T 7=, IR B TR 50 £ 82
[ PSR OC 2R, I T 6 42 B Tt g s s
B R 6 WAL SFEMET RTE Vaihingen 254

RRT g R, ATLLE H, PM-SCIM BUS T e 1Y
OA Fll mean F1 4341, SKAFAIALTY DLR_10 AHEL,
OA M 90. 3% #2£F131 90. 8% ,mean F1 M 88.3% 2T}
2 88.7% . & 12 ATk 53T A AE Vaihin-
gen BUHEAE LAY T AL X HL 25 SR, WTLLE H, PM-
SCIM BB HERR AN H HAB I T il 3 i 54

F6 AXFESEEF AL Vaihingen FIBE EHXF LR
Table 6 Comparison of results between the benchmark methods and ours on Vaihingen dataset
/%

Ho
i OA mean F1
Rk HY {iRicE: ) %
CVEO3( Chen % ,2018a) 91.0 93.0 81.3 88.3  83.0  88.6 87.3
UFMG_4 ( Nogueira % ,2019) 91.1 9.5 82.9 88.8  81.3  89.4 87.7
RIT_L8( Liu %,2017) 89.6 92.2 81.6 88.6  76.0  87.8 85.6
UZ_1(Volpi 1 Tuia,2017) 89.2 92.5 81.6 8.9  57.3  87.3 81.5
SVL_3( Gerke,2015) 86.6 91.0 77.0 85.0 55.6  84.8 79.0
DLR_10( Marmanis % ,2018) 92.3 95.2 84.1 90.0  79.3  90.3 88.2
PM-SCIM 92.0 95.3 81.8 88.7 855  90.8 88.7
IR R R S SRR
B 13 IR T A SCHE Y PM-SCIM FHJEHE 7 7
TE Potsdam F1 Vaihingen 45 45 [ 1) 70 FKS B2 A 3 & i

BRI S80E  ATLLE Y, PM-SCIM eS8 7EIR /Ny 2
BRI T, 345 FO X e SR 2 A 0 4 B E
FW] PM-SCIM BEHE TE 53 HIKE B2 RN 52 2% B T 5 22 (1]
AR ARG 1) -

RSRIEEISKE $-4&/7E Rk e bl TR ALIE- TR
s B TR SRR xRS A B e, A SR
Fofr T ik 2 RUBE PRLR A U B B 038 07 0, A
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Bl 12 ARk 5T FE Vaihingen B0 4 B9 AT AL XS HL 45
Fig. 12 Comparison of visualization between different benchmark methods and ours on Vaihingen dataset ( (a) airborne image;

(b) ground truth; (¢) CVEO3;(d) UFMG_4;(e) RIT_L8;(f) UZ_1;(g) SVL_3;(h) DLR_10;(i) PM-SCIM)
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Fig. 13 The number of parameters of PM-SCIM and benchmark methods((a) Potsdam dataset; (b) Vaihingen dataset)
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