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Online map generation method from remote sensing images via

semi-supervised adversarial learning

WU Jiangjiang' , SONG Jiegiong™ , TIAN Jilong' , CHEN Hao', SHA Zhichao', LI Jun', PENG Shuang', DU Chun'
(1. College of Electronic Science and Technology, National University of Defense Technology, Changsha 410073, China;

2. National Innovation Institute of Defense Technology, Academy of Military Science, Beijing 100071, China)

Abstract; To address the resource consumption issue of obtaining precise paired samples in existing fully supervised learning, while also

considering the quality of network map generation, a novel semi-supervised online map generation model based on generative adversarial networks

was proposed, which aimed to realize the direct generation of intelligent remote sensing images into network maps by using only a few precisely

matched data and a large amount of unpaired data. In addition, a semi-supervised learning strategy based on transformation consistency

regularization and sample enhanced consistency was designed, which overcomed the inconsistency problem caused by imprecise paired data and

derives better generalization performance of the model. Adequate comparison experiments were conducted on different map datasets. The generated

online maps outperform the competing methods on the quantitative metrics and visual quality, which validate the effectiveness and speed of semi-

supervised network map generation methods.

Keywords: online map generation; generative adversarial networks; remote sensing images; semi-supervised learning; consistency

regularization
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Fig.2 Training flowchart of GAN-based semi-supervised remote sensing image generation network map model
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Fig.3 Structure diagram of the modified U-shape generator network

4 ZHRENF

N T B UEAR SCHR A S T AR O BT ) 2%
GAN g2 i E 2 R AR 2B i I 45 b T A58 TR0 ) A7
SR ET A AR i = AN [ e 5 b ]
SOCHE AR = ol [ 45 o P D 3 X B s A A T
HATH UL, [, @ 5 LA A R
SRS 5 3 R P 2l A s R HE AT E
SEPERIR L SEEG, 25 R UEW] T AR SCHE H A R
B TE B AR A LM 45t R R G 1 HC A T
ATLA AR BRSO o R AT Y R 45
Hul&

4.1 HIREMITiRE
4.1.1 HEE

A KR S A B, YN R A A 1) o R A
RIGERAT B o AR S0 AT S P fiR 55 o
JEIU T =Ny 14y i 1 K0 4R % L 52 58, 40
VUIPEIRANIEA €I TE SCTVECITE SIINIY AR RS
PEAR A 2 IRIX L e J 320 4 T SR 15 R L 19

I 245 1t PR A5 4

1) A 5HRSE . A28 5 10 2 9 (4 ik
W) K16 G, Horpfd £ 2 194 X 38 B 15 b Howt
NI BT FEAHERE 55 T A1 2y B LR b
X, R RS R 256 %256,

2) A LER A . [RIRE DA Al b ] IR 55 v
AR T 4 791 XJ 6 EREAZ LT X 1) 32 B 52 A4 RN Y
25 A TN Ry 17 R, 23 [ 5y HEE K2, 15 m,
IR RAT R 256 123 x 256 1R %

I EARE. 202X LK
BB 45, 45 B R 17 9%, %5 0] 43 BE 6
2.15 m, FARAAL 4 828 Mg L% i B A5 A
ZEH I, /NRIFE Ry 256 18R x 256 R, £ 1
G T AL = ANEE SR AE S0 P ) (407
4.1.2 iFfEARA

R AR B AR SCHE H 12 W B 1 AR e
0 0 245 b PR 4 355, FESE G H SR 4 AR
TR SEARRIYE A5 R B =R EUR B PR
TR 2 B 0 4 L P SHEA T EEA o

®1 IBHEESRIT

Tab.1 Statistics of experimental dataset

ikt Bamgena JIgREA FCXTREA  ARFCXREA AR JE4% IrHEE/m

A2y 2194 1560 312 1248 634 16 4
WASHL 4791 3300 660 2 640 1491 17 2.15
Ziez 4 828 3 400 680 2720 1428 17 2.15

1) #) /5 # 1% 2 (root mean square error,
RMSE) , 1#JJ/71%2% (mean square error, MSE ) J&3§

ZRATHE S S BOEEZ 22 F I I B {E . MSE
AT RAPPO B30 1 A2 AL R, MSE (14 (LB /) 15 B



F134 - 7B B K 3 ¥ i BT %

TN AR Y 1 3 52 B B A B A ARG A
RMSE 24375 3R 22 AT I it o BTt P £ 4

BRY =1V, Y, Y, | MEEBES R Y =
{YI’YZ’“' % RMSE i‘[‘%:/\—tﬂ‘j

RMSE - J (Y —Y> (10)

2) ZEFAH L PE ( structural similarity, SSIM )
SERARRLE AR T P R 5 02 R 1 AR A
JE o o3I NSERE N b B RN &6+ =T T R
FRALYE , BUETEEI [0, 1], SSIM {H MUK, o KR
KEBUN AN
9 Cuipy +¢) 2ojy +¢;)
dssm (¥, Y) = (ud +uy +¢,) (o +0y +¢,)
(11)
Hrp g Y B B sy R Y B39 050 Y 1T
Koy B Y T 250 Bl ey SHHL, kb g B4
T 0 I 3 LAY A FRE T o
3) 1% K WERG E (pixel accuracy, ACC), 4%
YRR RE TS0 PR AR SR BE, 45 7 — KoL
KGR, L8R« > RGB AR (AR N (1, ¢.,0,) , Tl
MBS RLEES @ > RGB R RIEFR N (7] ,¢l,b))
A max( |r, —r/,g, —gl,b, = b/) <o (ARIFHph
W o =5), WAy w0 R 515 R E 2
Hrg
4.2 XWiEE
AR SCHR H 0~ B R SRR A T 285 TR A
RIBET Pytorch RFEF# I HESE L% T Intel 5%
i7 —10700 CPU(2.9 GHz,8 #%,16 GB RAM) Fli &
4~ NVIDIA GTX 3090 GPU,24 GB RAM, X
AdamW AL 28 , 2% > RN 1077, BUHE FE K
1077 X6 T3 = A B0 A 14 T A0, AL 3R
INRE T A0 B AL M A BEN 10, Ay, BE
M2,
X5 3.3 A LA A 4 R K T, AR USSR
SR TR 1 e % 90° , 5% T+ [ f8 i 1 ik 15 5, R ]
P 4 v AR B sy 2 AT BEALA 5 o
4.3 ZWERKITH
TS AR T B IEAS SCHR Y A2 i
B M g5 b PR B A R M, AR T L
101 CyeleGAN'' | MapGen-GAN™! |
SMAPGAN"*' L2k 3} H AR T R S0 43 br . H:
Hr, pix2pix il CycleGAN i ] Y &1 5 3 e S A
I MapGen-GAN . SMAPGAN N % [ 1Y 12 B AR
Fet P4 IR o pix2pix Sy 4 B AR, b 25T
5T PR OGS 118 1 J5 5 1 0 T 4%t LR A A 701 o

pix2pix

B %t

1%[’1$1§ e

K4 RN R LR
Fig.4 Visual display diagram of image

enhancement methods

CycleGAN FI MapGen-GAN > Jg Wi B &5 AU,
SMAPGAN iy i 190 2% 1t ] A AR

W3R 2 o, AAL 20 8aia B 191, s ok e A=
JSCAH [7) TR AR 3, P11 I i), A SCSE 30 7 bl 1 |
REAS T S A Y 75 22, JF HORIIA 28 Uy
FHEL BRI IR REAS ORAF AT YR B

£2 FREFHEER 600 km® 20 % i B 18] bk %5
Tab.2 Time comparison between different methods for

generating a 600 km” map based on New York
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®3 FAEERBEAAHEE LHMESLER
Tab.3  Quantitative comparison results of different models

on New York datasets

Tk RMSE | SSIMT  ACC/% 1
CycleGAN 32.6731  0.5453  30.538 5
MapGenGAN ~ 32.0547  0.5648  38.644 7
pix2pix 29.0183  0.5941  41.566 2
SMAPGAN 30.4563  0.5826  39.279 1
ASCERER 30.2617  0.5794  39.436 8

R4 FRRBERVIHEE LHEEXNILER
Tab.4  Quantitative comparison results of different models

on Los Angeles datasets

Tk RMSE | SSIM1T  ACC/% 1
CycleGAN 19.5317  0.6624  47.2573
MapGenGAN 17.7429  0.7026  51.7917
pix2pix 15.6185  0.7381  53.8425
SMAPGAN 16.9625 0.7364  55.3926
ASCEEM R 16.4728  0.7379  55.610 4

RS TRARBEESZESHEE LHEEXNILER
Tab.5 Quantitative comparison results of different models

on Toronto datasets

Jrik RMSE | SSIMT  ACC/% 1
CycleGAN 28.1417  0.6125  44.2257
MapGenGAN  25.9813  0.6683  46.697 2
pix2pix 24.5342  0.6935  49.172 8
SMAPGAN 23.8214 0.6724  48.954 1
ARSCEEHAREAE 23,7056 0.6781  48.5263

HAAH % T A LB, BR pix2pix b, A3
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Fig.5 Fluctuations of the quantitative metrics on the

Toronto datasets with varying paired ratio
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(g) MapGen-GAN 2%
(g) Resulis of MapGen-GAN
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(h) ASCRRIZS R
(h) Results of the proposed model

Bl 6 AFINETE = AR B E v sy

Fig. 6  Qualitative comparison results of different methods on three datasets
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B AR, A SCE e £ BR TCR 452K 26 %1 (no-
TCR) , LA H A2 Al — S E AL RE A5 4 /= JLAr]
KR 3 SR8 Ao 2 B o 1 i 50 2K B H8OR 30 IR B 4l
ZAEVERY I N RE A SR T B PERE
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Tab.6 Quantitative comparison results of ablation

experiments on New York datasets

Tk RMSE | SSIM 1 ACC/% 1
JFEARR 30261 7 0.579 4 39.436 8
FiAno-Lye,  30.942 6 0.577 4 38.064 8
BiR-no-L,,, — 32.4752 0.568 4 36.368 5

R BUNBEELEERIEHEEILER
Tab.7 Quantitative comparison results of ablation

experiments on Los Angeles datasets

I RMSE | SSIM 1 ACC/% 1
JFIARIE 16.4728 0.7379 55.610 4
B -no-Lyy  17.984 1 0.702 6 51.791 7
Wi -no-Ly,,  19.7127 0.694 5 50.243 8

®8 ZRZHIEELHMIBHMESIILER
Tab.8 Quantitative comparison results of ablation

experiments on Toronto datasets

5 i RMSE | SSIM 1 ACC/% 1
FIGREE 23.7056 0.678 1 48.526 3
BT -no-Ly,  24.357 5 0.652 3 47.026 8
P -no-Ly,,  27.854 9 0.620 9 42.9157

4.5 BFRME
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225 M PR AT AE 23R SRR I M1, 22 AT Y
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(a) Remote sensing imagery
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(b) EfHEIE
(b) Ground truth

(¢) ARSCHERY
(¢) The proposed model
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Fig.7 Qualitative results of generating Toronto maps

based on the model trained by the Los angeles datasets
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Fig. 8 Generate map with missing elements
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