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Abstract: Using deep convolutional neural network (CNN) to intelligently extract buildings from remote
sensing images is of great significance for digital city construction, disaster detection and land
management. The color difference between multi-temporal remote sensing images will lead to the decrease
of generalization ability of building semantic segmentation model. In view of this, this paper proposes the
attention-guided color consistency adversarial network (ACGAN). The algorithm takes the reference color
style images and the images to be corrected in the same area and different phases as the training set and
adopts the consistency adversarial network with the U-shaped attention mechanism to train the color
consistency model. In the prediction stage, this model converts the hue of the images to that of the
reference color style image, which is based on the reasoning ability of the deep learning model, instead of
the corresponding reference color style image. This model transforms the hue of the images to be corrected
into that of the reference color style images. This stage is based on the reasoning ability of the deep
learning model, and the corresponding reference color style image is no longer needed. In order to verify
the effectiveness of the algorithm, firstly, we compare the algorithm of this paper with the traditional image
processing algorithm and other consistency adversarial network. The results show that the images after
ACGAN color consistency processing are more similar to that of the reference color style images. Secondly,
we carried out the building semantic segmentation experiment on the images processed by the above different
color consistency algorithms, which proved that the method in this paper is more conducive to the impro-
vement of the generalization ability of multi-temporal remote sensing image semantic segmentation model.
Key words: multi-temporal remote sensing imagery; color consistency; generative adversarial networks;
semantic segmentation; attention mechanism
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Fig.2 The basic structure of attention-guided color consistency adversarial network
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B KA A E . . ACGAN 4% (4 7 3 J1 L
5 3 T DUBE X AR B B A 22 R i E S [
OREH=WIE LW

B3 56 R 0 i 5 M b (peak signal to
noise ratio, PSNR) F1 4% #4 A1 1 ¥ (structural

similarity index, SSIM) 22 & P4 4 F 7 k4L B )R
B4 I P A 5 SR L3 2, MR 3R AR SR ik
XFTEE 4R 1, MKL 389k 59 25 58 €% PSNR Al
SSIM f# fiz 5 » PG it i e G Ly iy SCT 40
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PSNR {E Al SSIM {0 ¥ £z & » Ui B HE 45 5 4 B
e H A SR 0 — B RCR WL . 4
R ACGAN I 45 1 45 R L A% e 5 i 7E H AL
ROR EHRIEZ % (O KA KR, 1 AGGAN [
2% PR T o B A MR R D
®2 BEKFERESBH PSNR K SSIM &

Tab.2  The PSNR and SSIM values of each algorithm

result images

itk 1 Wtk 2
MKL HM AGGAN ACGAN MKL HM AGGAN ACGAN

PSNR 25.22323.612 21.225 24.889 21.88221.761 20.834 22.394
SSIM 0.968 0.937 0.877 0.957 0.820 0.829 0.821 0.856

24
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Recall 1 Precision [ 38 F1°F- 1 %1 F1 score LA} &
PRA% Z K5 B (overall accuracy, OA),
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Fig.6 The overall design of the experiment
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Fig.7 Color consistency results of some 2012 aerial images in dataset 1 KGR E=EN

Fig.8 Attention map of some 2012

aerial images in dataset 1
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Fig.9 Color consistency results of some 2016 aerial images in dataset 2 K1gE=E N

Fig. 10 Attention map of some 2016

satellite images in dataset 2
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Tab.3 Dataset 1 building semantic segmentation results after color consistency of each algorithm
U-Net FCN
E Ay Rk
ToU Recall  Precision F1 Score OA TIoU Recall  Precision F1 Score OA
2016 R E R 0.819 0.972 0.839 0.901 0.940 0.827 0.967 0.960 0.963 0.945
MKL 0.705 0.873 0.786 0.827 0.888 0.872 0.937 0.927 0.932 0.965
2012 HM 0.631 0.961 0.647 0.774 0.854 0.866 0.941 0.917 0.929 0.962
AGGAN 0.777 0.942 0.816 0.874 0.930 0.876 0.940 0.923 0.934 0.964
ACGAN 0.784 0.941 0.824 0.875 0.932 0.879 0.943 0.929 0.936 0.966

AR 1 M YIE Uy E g R E 11 B
TR LTI AT R U-Net B2 4% #0145 1, J5 4T K
FCN M 4% (1) 3 B &5 3. 2012 4F 19 J& Bl . MKL
BVE I HM B3k AR Ui G v 32 5000 35 A7 A6 38
Sy B U A RS R A AE DL . AGGAN [ 45 119 45
REMG P ST G 2, R .
ACGAN [ 2% i) 25 B R 43 5 5 2 5040 1 46 R
T BT M D R ) R SR A A RO 4

R4 2 B LS oy EIORE B DL 3 4 ML IR SR
IRASCTr¥E . I T AT 2015 4E TR K&
VI 25 A T8 SC A3 AR R T 42 3 2016 4F 9 K045
KRR M I, E a4 Rl OR — B0y
AbFR T RO S A 45 SR ) B UK B Y
AARFRER T, 5L S b RAEK
W A L, X T U-Net B 2%, ACGAN W 4%
ERFMEER IoU LA T 7 4 H 4 &, Precision
FEFAT104H 5 & ,F1 Score EFT 5 4H 47

H % T FON [ 4%, ACGAN [ 4% 1T %% )5 10 45
WS AT, X2 oL ge vk R PR KR
IR G Re AT (R A SRR T LB BT A R R
EH) O IESEIT IS . 5 AGGAN W 45 A1
e, %FF U-Net W %, ACGAN R 4% 3T %% J5 1Y 45
B IoU.Recall EFT 4 4~H%r A .F1 Score ETF
T 3AEA AT FON B 4%, ACGAN W 4% 1T
BIGME R IoU EFHT 3 4N H 4 41, Recall |27+
T 14 ™ HE4r & LFL Score BT T 2 ASH 0 M.
KA ACGAN M%) U B vE & S bLl g4 & b
SO AE B A SR R R IE R . TF
H ol T AT &S8R D, v r Ik L
AGGAN P 4525 7 8 h, DL b 45 1% 0],
ACGAN M 2 1) 25 R EE X T 2 i 4 TR BB
S TE LAy FIVRE A7 AL AR 1 1 £ T B S
H

R4 BREE22FHEOX - BREAMENIEER

Tab.4 Dataset 2 building semantic segmentation results after color consistency of each algorithm

U-Net FCN
Ay Bk
ToU Recall  Precision F1 Score OA ToU Recall  Precision F1 Score OA
2015 R EER 0.587 0.726 0.754 0.740 0.913 0.617 0.813 0.719 0.763 0.915
JE R B4 0.334 0.471 0.535 0.501 0.847 0.486 0.786 0.536 0.637 0.854
MKL 0.459 0.595 0.669 0.630 0.886 0.563 0.732 0.711 0.721 0.902
2016 HM 0.393 0.491 0.664 0.564 0.896 0.546 0.767 0.655 0.706 0.896
AGGAN 0.474 0.578 0.726 0.643 0.895 0.547 0.688 0.728 0.707 0.907
ACGAN 0.492 0.600 0.733 0.660 0.900 0.565 0.781 0.672 0.723 0.907

BAE AR 2 sy B4 R 12 FioR,
HIMI1T 8 U-Net W5 #1258, J5 478 FCN 19
SrEIEE R, XTI AR BN Y, 2016 45
TA RIS OMKL Bk & HM B 1 45 3 #1524 17
FE T 5 AT A B AS . X T B R S .
AGGAN MZ R KGR MG R £, H#R
Y G5 B AT M. ACGAN f 45 5 18 1% 8 41

Wt SC o3 80 ST o T T RS L B ARG 1S D0 R D
5 LIk AR SO AL B, 22 A JR A 1R
FALSCR S T2 7% (% WUk 18145 LR
Hh S SR B4 T L3 RDORS BE AR T WD AR L UE T
LU T — A R0 3 B T 22 I A 2 TR R 5 TR
)i Sy R R AL BE T iR A
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Fig.11 Dataset 1 results of building semantic segmentation images
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Fig.12 Dataset 2 results of building semantic segmentation images
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