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B RGE RS S5 1 S Abstract

RESEARCH ON SAR IMAGE OBJECT/LAND FINE
INTERPRETATION METHODS

ABSTRACT

With all-day and all-weather image acquisition capability, relatively strong penetration
capability, as well as polarimetry characteristics, Synthetic Aperture Radar (SAR) has found
various applications in military and civil community. SAR image interpretation is to acquire
key information via the interaction between objects and land covers. Recently, with the rapid
increase of SAR images and the wide application of machine learning methods represented by
Convolutional Neural Networks (CNNs), a single technology or method is difficult to satisfy
the requirement of SAR image fine interpretation, which tends to the combination of traditional
models and deep CNN:ss.

Based on multiple machine learning methods, such as CNNs and Gaussian Process Re-
gression (GPR), this thesis aims to research fine interpretation of earth observations for SAR
images from the aspects of object detection, polarimetry, detecting wavebands, as well as dataset
compilation and quality evaluation. Main contents of this thesis include: object-oriented fine
interpretation based on SAR ship detection, polarizations-oriented fine interpretation based
on physical scattering characteristics, waveband-oriented fine interpretation based on physical
scattering characteristics, and categories-oriented land cover fine interpretation based on dataset
compilation and quality evaluation.

Firstly, this thesis realizes high precision SAR ship detection in open sea and nearshore
areas by using a revised multi-scale CNN. In order to further attain more accurate detections,
reduce missing detections in densely clustered area and false alarms on land, this thesis presents
a method combining cascade CNN and Pulse Cosine Transform (PCT) based visual attention
method. Aiming to achieve SAR ship candidates, the former analyzes SAR images in the space
domain. On the contrary, the latter analyzes SAR images in the frequency domain in adaptive
local regions. The superiority of the proposed method has been demonstrated on European
Space Agency (ESA)’s Sentinel-1 dataset and the Chinese Gaofen-3 (GF-3) dataset.

Secondly, in order to extract physical signatures from single- and dual-polarimetric SAR

images and further explore potentials on SAR images with multiple polarizations, this thesis

—III—



Abstract B sUR K5 b

proposes a contrastive-regulated CNN in the complex domain, directly learning physically
interpretable deep model from complex Sinclair scattering matrices. The input, output, and
parameters are all complex values, and the computations are in the complex domain. The loss
function is composed of a basic loss and a contrastive regularization term. This study specifically
focuses on multiple scattering, volume scattering, and surface scattering. With the assistance of
Cloude’s polarimetric decomposition, this thesis generates ground-truth of physical scattering
types. Experiments on DLR’s F-SAR data demonstrate the effectiveness and generality of this
method.

Thirdly, this thesis realizes wavebands-oriented fine interpretation for SAR image scatter-
ing characteristics based on GPs. Based on Gussian hypothesis conditions, this thesis proposes
a kernel- and expectation-based Gaussian process regression method to learn some polarimetric
parameters, such as polarimetric entropy and polarimetric alpha angle. Then, the physical scat-
tering signatures for earth observations can be obtained with the help of H — « division plane.
Gaussian processes have the capability of realizing high quality prediction and their correspond-
ing uncertainty levels. The kernel trick and expectation operations could alleviate geometric
distortions and calibration discrepancies beween images acquired with different wavebands.
Experiments on X-band TerraSAR-X images, C-band Sentinel-1 images, and L-band F-SAR
images demonstrate the effectiveness and robustness of this method.

Finally, this thesis contributes a large-scale SAR database with relatively low resolution.
The images are acquired by Sentinel-1 in 21 Chinese major cities. Based on a pre-defined hier-
archical annotation system, the dataset is divided into ten different categories, mainly including
building types. The annotation is guaranteed by the transition from optical annotation in Google
Earth to SAR annotation by Sentinel-1 Application Platform (SNAP). The database provides
33,358 image patches with 100 x 100 pixels, each patch is with VH and VV polarizations and
four different data formats (including original 32-bit data, UINT8 data, radiometric-calibration
data, and pseudo-color data). The quality of this dataset is evaluated via fast compression

distance based manifold visualization method and multiple image classification methods.

KEY WORDS: SAR image, object/land fine interpretation, physical scattering

signatures, Convolutional Neural Networks (CNNs), Gaussian Process Regression
(GPR)
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Figure 1-1 Workflow of traditional SAR image classification algorithms
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Figure 1-5 Contents of this thesis and their organizations
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Figure 2—-1 Geometric relationships of SAR image acquisition
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Figure 2-2 Synthetic aperture theory
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Figure 2-3 Geometric distortions in SAR images

KR HEAE i R B =T A S AL, H B P55 9 B K A A B AL, 7E SAR
E E BB — & ARE W R A m e R B s L B . R IR R R 18 K2k R
K HETHUN R BIG . FAS246 i T H b i (R, 735 1k S F e B
SRS EI 1 DSRAE AR ) 2R B RO 18 3R I R SRR 1k H b i R (]
P, MICHE B I BEGR o X2 by ML AR 7 SR ) LAy e A2 1) B SR AR AR R JEE L
T EEERRERE . (H2, SRR ALX LS LR AETS  SAR RSt
SIS

232 M PME

SAR [E PSRRI T HEME P 2 Hy SAR JUAR I AR H A T UG SR A 1
BB AR GETE T I R B IR S sk R T AR T, SRR ) £ IR [l B AN e 4 e A
SR A RHE . B R A BIBGEAR T, X RN, RS
Rl O 8 U W AR (A AT B Bk ik AP AE — € AR AR, Xl i A SR 7 1) FEE Bl
Blo FESEER SAR B, AT BEM S & A —Fh R R i TR A AE R, RIHEE B
HEGIKERRIZIAAL . TR 52 B A PEAR T BEME S 52, SAR B ICTRAR B S ik
oy FARI RO R, BT R RORT AN S5 A4 RS BT JRA5 A SAR IR, Mg m 1
BFFE N BN SAR PR BB Aif SR MESE

J6o# 5 SAR R HLR BN 2-4F7 . MaX e & el AR E], 556 IR
o, SAR [ 32 3] LA i A FIAH T BEME RS A S Ma e ™ B, X IR 1 SAR BRI AL



LB G R 5 L % =3 SAR 5481t SAR A &k

(@) JeEE B (b) SAR |4

2-4 65 125 SAR E{Rat It

Figure 2-4 Comparison of an optical and SAR image example
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Table 2—1 Radar electro-magnetic bands comparison

WBS | bR /em B EI/GHz - Kl /em
P / 0.23-1 130-30
L 22 1-2 30-15
S 10 2-4 15-7.5
C 5 4-8 7.5-3.75
X 3 8-12 3.75-2.5
Ku 2 12-18 2.5-1.67
K 1.25 18-27 1.67-1.11
Ka 0.8 27-40 1.11-0.75
U 0.6 40-60 0.75-0.5
\4 0.4 60-80 0.5-0.375
W 0.3 80-100 0.375-0.3-30
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Figure 2-5 Backscattering characteristics in POISAR images
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_ exp(jkoR) |Sun Suv| |EY
R Svu Svv| |EY

Hrfr, S = i SHV] SRR, On Al Oy 4 BT PRI B Lo, B
VH \AY%

FIE™ 73 2 B 35 A ST B S R R, R FORERIARL S Y H AR 7]
PR, ko MERIAIAL. FRIAMALRAERE S 2 THRR— 1 F ik BirdiE — ik
H B2 Pl i) 2 f) — i BEAR SRk 07 30 AR HICH M il 22 4 52 iy Rk e e
HERA T ) H AR RO R o

Al SAR 1 U AN AR A 3 3 503k 22 o R A Ak PR RS b s 40 )i 2B AL SZ 4 (Singlle-
Look Complex, SLC) SAR [&1f§ . 13 & )5 [ HUM R RN EL5) /€ B FT , PRP A SUIR AL
R Il e R Z B AT LAY Sy = Svi BYK FR o R IR Y HICHRE MR B 1K ) S 38 A
PIAMARAL G R —Fon Tl R se BEfA Yy B bnny Bt Re itk . AR e
AT KA R A S H I H AR SRR JUE5H . BroRUE M. A HIES R R
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SHH
kg = ‘/§SHV (2-2)

SVV

o, ke BRODE BB 8, %A% AR AR A S UL Oy s IR T AR A A
A ITER.
BUAb, IBAFAE T3 Ah—Fh ok S A 58 42 1E AR [ RE R Pauli BEpg )8k s, X
Fheii T A2 Sl
) . Sun + Svv
kp = — | Sun — Svv (2-3)
V2 28uv

o, kp % Pauli B 5

2.52 HITHERES T AR

WEHOT, SALHU R T 1t H bR e S BRI LT o 28T, 7EIL S
i, REFEERE M HAR, SAR BT EEE R A3 DAREARAH T 5E M =0 15 )
oM. XM, BTEEH B BRI gt R . 5 0 g R A SR TR
VRN T ZE R0, X AP ah Ty R A B 7 i T R R I 15 381 7 A 3R AR 15 .

£LT Borgeaud FEARAL I 224 B SR

E{|Sunl}  V2E{SuuS:y} E{SuuSiy}
C=E{ks -k} = |V2E{SuvSiy}  2E{ISuvl®}  V2E{SuvSiy} (2—4)
E{SwSi)  V2E{SwSiv}  E{ISwl*}

Hr, E{} IR FMEEZE, |- | Fn K REmREzE, () FrELfhzE,
()" Fon ) B R L AL E
[F3E, 3T Pauli EARACHH TR FER] 2R
Ty T Ty
T=E{ke-k}} = |T}, Ty T (2-5)
Iy Ty Ty

;
=

1
T, = EE{(SHH + Svv)(Suu + Svv)*} (2-6)
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T, = EE{(SHH + Svv)(Sun — Svv)'} (2-7)
Tiz = E{(Suu + Svv)(Suv)*} (2-3)

1 .
Ty = EE{(SHH — Svv)(Sun — Svv)'} (2-9)
Tr3 = E{(Sun — Svv)(Suv)*} (2-10)
T35 = 2E{(Suv)(Suv)"} (2-11)

WAt s 22 AR AR TR R DA 2 1 € Hermitian AR, 3 HATRH A RO RFAE
(B, DBIE TR ANRAE T B A RFAE 1] AN ] o ARAl 7 220 K S AR A T R 2 1)
A DAHE A, TR R B 2 AR, A Z AR K RN

T=A-C-A"! (2-12)
Hr,
| 1 0 1
A=—11 0 -1 (2-13)
V2
0 V2 0

2.6 XEING
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4T AT AR TR AL SAR MG EARAE T .
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R 22 RS AR A 0 X 265 () B S BT Vg VA Sl R e /s S PO B A 3 S A D) oy
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WLEF AT M 222 /F 45 (Shuttle Radar Topography Mission, SRTM) 4 = #2452 (Digital
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JUANTTHET PASRE: 1) Sl M 2546 B2 5 R M it & —16 (Batch Normalization, BN)
B R M SR B, R T R S R, X — e AR B T IR AR A
M5 2) %M 45f % T Faster R-CNN A RPN [ 26 R HE SRR, 36 2o 1 o e e e iS5
RN AR A 42 3) dlad k-means ATy IR VA SR INAE , IR E SCHTRY
R RT FORAR I B AR RS R/NREHE R SR s 4) adlid BERIZ (Passthrough Layer)
FER B IRJZ IR 0 R EFE AR A = R AR PR R DR Bk , A S mxt/ N H
PRANEE R DI AR ISR 5 5) A R DarkNet-19' 452 3271 9 2 G5 4 e (AR 2L 2
B, MR ERIIZAER. BiJG, YOLO v3 MZHMEEAE R ML [112]
X DarkNet-53 124 31 W 252514 . DarkNet-53 9 2 54— 75711 2R 1 4= 7 B 0 268 455 140 ok
DTSSR, A G AR, T RES IS5 151 )25 R4
HOR, I HRKID T M2 R
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Faster R-CNN FE TG R 28 W 25 7 v F RPN W25 52 okt H A g0 HE DX 4k i 2 B
FfimE it Fast R-CNN W 45521 HARSE5ITfE, H RPN W45 5 Fast R-CNN [ 25 35 5 B %]
BRHMETRIUZ , $271 T B AR B9 RE AN B . Faster R-CNN ) — N E 2URF i@ el 1
RPN [ 2 5 B gt HE i b R vp R M T A AL, B CNN R, EmS
— E A TR LR R 30 1 1 7 SUHE A 7 B 525 B A T A S A A [
BUR T 2 I TE IR 46 B SR A 1 20 1 48 2R 1) Y A 5 DI e B SR s

FT Faster R-CNN {0 RERME, WF9EE AN 1RF1Z 70 FHE] SAR EUZ LA B Frks
W, I BB T ARG R 3T CFAR [k 5 B AT (R e RED> 2 10T, (HO2, FEE B
4 Faster R-CNN J5¥A L H 2] SAR BT B Akl pg i #2 r, ASCR MAAFFE—L0R
ARG M A SRR 1) SAR EURMUAT H AR MR 4%, iR A2 i AR
{5 M LU DI ARSI R M 5 2) 0T /s ST H A SEHEAR 1 X3, e ASE I HERf A
ROGRNARLR s 3) i SAR EUR AR/ Bk R A SE IR AR PR T R i H A R i e /)
IS, g SAR EUE HILANT B bRkl in 7HERE . AR RM, #XE 45
)@, R A Faster R-CNN 3 ity 2] vy (1) V% BE 45 FHUAH 28 0 2% 5 YA BB IE U LU AR 8 2 B B
TG IROR . {Hi2, Faster R-CNN [ 28 Xk DATE I f52/45 55 H b s SEHEA DX Jak Hh Hufs:
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SR T B () Eof A 7V A iR U /s DRI S B b B A B AR, AT R —
FRe by 2 RIBBBMAE M vk, hT 2 RESFM M kM"Y Wi T Faster
R-CNN [P A IAESE , AT5AA SR F DX fige e HE $i B ) 26 55 B A 2 53] ) 28 AH 465 £ 1) JEL i
PRAUE T H ARSI B SRS BRI . ET6 SAR MR B A FE R R R A SE I A 1 T 3 1Y)
H b RF/NPA S B B SEHEA R D0 R e [A)8, AT SR T — e gk i 22 RO G R A
STV %I VA R FRVE 2 T B HE SR HUM 2% (Exhausted Ship Proposal Network,
ESPN) 1)1 2842 HL SAR G H i BE DL H AR XIS, KI5 5 2 i ar I 25 S 8 AR
H AR5/ 2% (Accurate Ship Discrimination Network, ASDN) 23, 3 H - #F@d+ T
W) 28 HEE B 5 1 S BUARRIE e =, [ 31 A it ) 22 RUBE G AR A 248 I 265 1) D) 4 45
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Figure 3—1 Overview of the revised multiscale-CNN
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H1 7 Faster R-CNN 55— AR B Hh AORFAE B SF /N3 8 RPN 2850 /R
~F H AR RFE S B B 2 UG B SR IS . S T RZIE, AR SCHE ESPN [ 2%
A REEERIM 2 M 2 h 24> ML 2 ) 28 AR B A Rl A s, BB A R0
BRI BIE RS o MEAh, FERANARFEIR 70 3 B, SR — RS R N I 3 2
DEPA AL, X R ARG R BEAR AL ey ) B R 45 S AURRAE 24 Hh AP AE 1
PEATERURIA, AT BEAS B (00 2875 A0 128 DSt 0] 7 28 ALk ) 1) U2 5 5 ) SEALUILA H A
DA, fe 20 i ARG HE 255 1 7 SRR X SAR &R rf/ N R FL8 52 HEA (LA B AR
DERFGE ST . BAYSRIE, BSPN W45 i A5 9h R i S 2 0] 28173 SO ipeide i i
WG , A AR T e B 45 R 2 TSRy e A A A B AE DRI, AT s ) s A Tl A
MTH . % 3-1545 7 ESPN MBS HBCEN UL, LIRS WSS 73 SR g s K
N BHERGE, PARGEHERITEEL (W RE/9EE) BLE

# 3-1 ESPN M %4 9 = AT 5 % 09 555 5

Table 3—1 Parameter configurations for three proposal branches in ESPN

[ 24 )2 Conv4_3 Conv5_3 Conv6_1
TEP A KGR 2 3x3 5x5 7x17 3x3 5x5 7x7 3x3 5x5 7x7
SR T B 10 16 22 28 34 40 46 52 58
HHHE R v L 1:2,1:1,2:1 1:2,1:1,2:1 1:2,1:1,2:1 1:2,1:1,2:1 1:2,1:1,2:1 1:2,1:1,2:1 1:2,1:1,2:1 1:2,1:1,2:1 1:2,1:1,2:1

K 3-2a Fil/El 3-2b AL T RPN %5 ESPN S04 (6 B BRI R . A JEI i
T RPN 2 AR — -3 BUR U G HE Ik, T FL RPN T2 Ak F 67
A

N
Lo = ) Las(p(xi), 31) + ALys = hoe(bi, ;) (3-1)
i=1

o, Lae F Do A8 BIZERANFAR RN E MR, X = (o}, R TI0AE X 3 1 0 3
fiE, N 2HIRBEDE, p(x) = (po(x) pi(x)) S THINAE KA 2 LA (4045 T
S35 SRR AT A B AR XIRAORER) | ¥ = (v}, BRI B SR BIE A
by = {b7,0), b, b} 5 i A BRFESL S, by = (b5, by by B i AT E
B, A FRERR R [y = 1] F5 4T It A B BRI, T X A% s
A e BRHCE ok, @Ak 0, B4 RPN W45 (45 < B30 SURE LR, [58].

5 RPN PIZEAN R )52, ESPN [ 28 M Z2 A4 R 14 0 28 0 S P A e A DX 3, %+
¥ 2% J5 ¢ (A S B KO T T 43S (353 2 R OISR . e, AN T 43 52 P R )
R BB RPN W 4% 145 2k BB A . BRUL, ESPN £ IRtk A7 B 50T 2
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Jorh, W BSPN W& R ERALI SRS, MR RHERIRAY BB s, 57 R4
4 O A 45 m BB RT3, X, Y By A BIFTRE j N5
WHEROIERRAE . MU DARBLE TR, L B8 m MRS, SRR B AL,
HRIE SUBRIFR (3-1), @ B4 m DGSIERIU SR R B R, %S
P B 267 7 RS0 00 2 S 24 458 2 B K AR
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FHEP
IXIMWH AL
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(a) WEBJG— 2R — R (b)) NEAREERHZARFER S IX TP EAE
AR T {630 X 43K £/ RS 08 4 2% 4 900 4% 32 X3

B 3-2 ¥ 54% iR AEFR LA 0 (a) RPN M #%; (b) ESPN 4.,
Figure 3-2 Ship proposal generation strategy in object detection: (a) RPN and (b) ESPN.
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RO I L0 R DI, PR B LS H AR X 3. 7 Faster R-CNN (57, Fast R-CNN
|19 268 (S 7 1) 248 544 T B i e — I B B2 i 1 RS E Bt 7 2RAE o AR S B
SURTRT, UL F ez DS A5 8 B PR LA AR SR A G, 8 % MUY H AR AT
PETICHEIEHE . il A S R AR Ao, R, FEXS AU H AR R IE I T ik
I, HARH) B SCRHIE g — AR ZM N R, X T2 RIEER 4 R i)
bR BT W 28 4 by . A5 B 1 W 2% ASDIN 18 3ol 25 A0S 1 A 1 X0 P T8 3 e
AR R BTN SUE B 7 A i B AR VR RE . HARH, 5 W DGR X 2 i B
SCRR I3 e R BEAFAE , 2R )55 RolPooling W7 ¥4, REWSAN[R] DI ) 5
ik AR RO AL, SR R i R e B Oy s TR, SR H s, B
PRAY_E R SCRFAE R & ST IR Al 3-3F7R , B BB R 8B 2 AR T —A
AEHE R 9] B HEBIrR 2R BRSO 38 3d 0 Rol WAL B2 SRR AE I pF 4, 4k
B IETRLARAE, A TTHE R AR5 5 200 H bR DI A tERE . B R Se iy ik
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Figure 3-3 Deep Features from Ship proposals and their contextural regions are concatenated and bypassed

by the RolPooling layer

WL, FT2 REGRAZMZE SAR EGIUNT H AR ISR+, W25 B R4
KeRET AR

L(W,Wy) = Lgspn(W) + apr+1 Lason (X, Y, Bi [ W) (3-3)

XH, ey ZRAET HARKE R 45 ASDN i 2k e AR AL, W, 2278 ASDN [ 2%
FRILZ R Z SNSRI G M2 AT AZR

W*, W} = argmin L(W,W,) (3-4)

) 28 1| S Ak FE A 2 00 B SR SR AL S BELER B R % (Stochastic Gradient De-
scent, SGD) YAk, WA >] R E K 0.0005, Ff HAENZdFEd, Pk smEiE% 4 5000
W, SRR 0.1 £, XkE, Zad 35,000 SOEIL 5 S 8088, HFRERE
RENCSCRAS o I 5 R F AEAR B il 77 35 50 B = A

TESCIR AR, TR A SHE R SR iz R (Multiply-Add Computation, MAC)
e R A TR SAS . 2 3-2DAI A 1024 X768 1R EG A6, Goit il T el 2 R
LR ZEEE . F20SEE, USRI E . WRT R 5 2]t
THERUZTS . ERAETI 255 . E AR B 4555 I S 4 B 18966.2K .
792.6K. 57712.7K, AN MAC 4351 258653.9M. 4112.1M. 170.4M, X RHZ R B
LR E W I SERTT A 8 T B P L B M 45 234, X ESPN il ASDN [
28 J2 IO T AN DASTPE P9 28 T TR R A A
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Table 3-2 Detailed structure, number of parameters, and MAC when using the revised Multiscale-CNN

LSRR P24 P25 SR HiEERDRT | SR MAC
Convl_1 3 x 3 Convolution 1 1024 x 768 x 64 1.9K 1359.0M
Convl_2 3 x 3 Convolution 1 1024 x 768 x 64 41.0K 28991.0M
Pooll 2 X 2 max pooling 2 512 x 384 x 64
Conv2_1 3 x 3 Convolution 1 512 %384 x 128 81.9K 14495.5M
Conv2_2 3 x 3 Convolution 1 512 x 384 x 128 163.8K 28991.0M
Pool2 2 X 2 max pooling 2 256 x 192 x 128
Conv3_1 3 x 3 Convolution 1 256 x 192 x 256 327.7K 14495.5M
Conv3_2 3 x 3 Convolution 1 256 x 192 x 256 655.4K 28991.0M
Conv3_3 3 x 3 Convolution 1 256 x 192 x 256 655.4K 28991.0M
B ¥ A= Pool3 2 x 2 max pooling 2 128 X 96 x 256
Conv4_1 3 x 3 Convolution 1 128 X 96 x 512 1310.7K 14495.5M
Conv4_2 3 x 3 Convolution 1 128 X 96 x 512 2621.4K 28991.0M
Conv4_3 3 x 3 Convolution 1 128 X 96 x 512 2621.4K 28991.0M
Pool4 2 X 2 max pooling 2 64 x 48 x 512
Conv5_1 3 x 3 Convolution 1 64 x 48 x 512 2621.4K 7247.8M
Conv5_2 3 x 3 Convolution 1 64 x 48 x 512 2621.4K 7247.8M
Conv5_3 3 x 3 Convolution 1 64 x 48 x 512 2621.4K 7247.8M
Pool5 2 X 2 max pooling 2 32x24x512
Conv6_1 3 x 3 Convolution 1 32x24x512 2621.4K 18119M
BB 18966.2K 258653.9M
[2E:5§(sS
SPN4_3 3 x 3 Convolution 1 128 X 96 X 6 30.7K 339.7M
SPN4_5 5 x5 Convolution 1 128 X 96 x 6 79.9K 943.7M
SPN4_7 7 x 7 Convolution 1 128 X 96 X 6 153.6K 1849.7M
SPN5_3 3 x 3 Convolution 1 64 x48 x6 30.7K 84.9M
ESPN SPN5_5 5 x5 Convolution 1 64 x48 x 6 79.9K 235.9M
SPN5_7 7 x 7 Convolution 1 64 x48 X6 153.6K 462.4M
SPN6_3 3 x 3 Convolution 1 32x24%x6 30.7K 21.2M
SPN6_5 5 x5 Convolution 1 32x24x6 79.9K 59.0M
SPN6_7 7 x 7 Convolution 1 32x24x6 153.6K 115.6M
ESPN [2474) 792.6K 4112.1M
HREILE
RolIPooling1 7 x 7 Rol Pooling Tx7x512
RolPooling2 7 x 7 Rol Pooling Tx7x512
Rol_concat 3 x 3 Convolution 5x5x%x512 5242.9K 118.0M
ASDN FC FC 4096 52428.8K 52.4M
FC_cls FC 2 8.2K 32.8K
FC_bbr FC 8 32.8K 32.8K
ASDN [ 53 57712.7K 170.4M
PR
FEA R 2T AR 75.66M 256.77B

333 KWL 5T
3330 SIS

ARSI R IR 7e R KA S 5 5 T A TR 24 3 -6 Caffel''®), Rf (43135 40
FEPAAS 32 4% i7 AL FRESFA1—1~ NVIDIA GTX-1080 GPU.,

AR AT F AR IR YA B IR AR, 23 B2 K9 precision, #E4r
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recall, “EYJH5E (Average Precision, AP) fil Fy /00!, Hirh, WERE N

. WTP)
precision = HTP) + #(FP) (3-5)

Forp, #(TP) A #(F P) 23 52 IEH AL -5 55 A ) ARG A4 e SN

TP
recall = HTP) + #(FN) (3-6)
XH, #(FN) £ HREE. AP BE L2 PR (precision-recall curve, PRC) [ £k

TEA 42N 0 ) 1 Z[RIEAR . By 233008 SOH

recision - recall
Fr=2- 5recisi0n + recall =7
T Sk ESPN M 25711 ASDN W28 VERE, A5 PR R EE 7 ¥R Tl CNN-Single-
RPN 773, CNN-Single-ROIPooling 7574 . Faster R-CNN (FRCN) /%, PAMIET CFAR
22 By BOWLAE B ARAe il Jr vk (CFAR-MS 1, Hirpr CNN-Single-RPN 752 i) ESPN
W 264025 Faster R-CNN [ 2% H1 8 RPN 1~ 2% ; CNN-Single-ROIPooling J57£ & ASDN
W) 2840 2% Faster R-CNN [ 2% A1) Fast R-CNN 1~ [% 2§ ,

3.3.3.2 ¥F Sentinel-1 £ _E 7SI 45 R

AR SEIR R K B B /iRy C B Sentinel-1 Tl SAR &4, FirsR HI 52180k H 1% 2L
P T 56lE (Interferometric Wide-swath, IW) KHbJFFE i (Ground Range Detected,
GRD) X, VH b = m %t . QIR J7 (67 ) AR B3 1] 1) 43 B3 43 3R 22 KA 20
K, BICK/NEWA T a1 R 10 Ko FBEBTHENNFERR G, AT57E S g T A R g
TRYENE SAR 5§25 00 0 RTINS B B TR T By 1 E Rk b0 A4k s B A
WA NG A, BRI R th A i A X — e M E & X . K 34" T SAR
R ESEIIM R, B @R A S bR 5T g DX, AR AR ARl 431
MEBIREGEHE, W OS8O B SN EBR YIRS R TR AL E . T B IR B AR
K, A SCHE RUR DI AE W5 ML AN B e 3R B T 50 MR RN B EEE . 7E
ISR b, SEIR AR T R B A U B AR R, Ok B A G S A AR R
PrEEE, 8T B ARSI R A 5 .

VN5 MR R HE A AR v, AR SCIR B RAE H 52 IE SAR GGt =4
FLAE HARBCH N 2R 808, o340 \IE SAR B T BB RE I . I ZRAn i 5 my
EEFRE R Was 5y Sentinel -4 (Sentinel Application Platform, SNAP) DA &
OpenSARShip FF & FJ R ARTE R A4 44, BB e R L35 AIS (Automatic
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Figure 3—4 Image crop method for wide-swath SAR images
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SRV g
o Uk 22 ROBE A AR I 28 A I P BB BH St U0 T S 32 T A e 8 I 4% 174 L Ak U
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Figure 3-5 PR curves over Sentinel-1 real SAR data
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Table 3—-3 Performance comparison of different methods for the Sentinel-1 real data

WIR/S feR NE CPYRE RE EIRECEIEER ()
CFAR-MS 0.3977 0.7830 03123  0.5275 2550
FRCN 0.6669 0.8432  0.5812  0.7447 105
CNN-Single-RPN 0.7107 0.8964  0.6519  0.7928 113
CNN-Single-ROIPooling 0.6833 0.8498  0.6069  0.7575 108
MR 2 REEFMZML% | 07719 0.9022  0.7151  0.8320 115

1 EIA ARSI ZAh, ST I B RE B IR ] A ek 2 RO A 22 )
Z84E Sentinel-1 MUV LS AR ER M, Ayl & 3-60 3R 1 it RIER
B 22 9 26 757541 CFAR-MS Z B BOIUSy H ARRI T AR g R . i, SR
ST AR TEAE 23 1 3R A E AR B AR . IEAfAG TN H ARFT R H AR S T SN M
ERFCARSIRCR R B (R EAE BT XA IS5 SR B0 AL . B 3-6a S A
TR 2 REEG B 2 M 25 AR I, [ 3-6b 2 CFAR-MS Z [y B A6
JIERIREINRCR A, RERE A 51 i i DX Ry s Dty B H AR 4R R . 18] 3-T)
AN T IGHEEEH R AL SERCR I, o, B 3-T(a-1)~(a-4) el 2 ROEEE R 25 (46
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HIRER], Joie el RKig s e B is, @ RAE I B s, st ROE
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3-6 f& Sentinel-1 #4% £ #7 o3k B> Wik RIRpG TALAEM 25 R, P (a) Bitny $ RAE M4
(b) CFAR-MS. AT E Y, #AKagF EIEMIER KA LAMDE L FEMER, K&, L
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Figure 3-6 Ship detection results with (a) Revised Multiscale-CNN and (b) CFAR-MS for an image block
cropped from the wide-swath Sentinel-1 SAR imagery over the Strait of Malacca, Sigpore. The green box
indicates the correctly detected targets, the red indicates false alarms, and the blue represents the

ground-truth.
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Figure 3—7 Ship detection results in offshore areas of Sentinel-1 images. (a-1)-(a-4) exhibit the visualization
results by using the proposed Coupled-CNN method. (b-1)-(b-4) show the detection results of the
CFAR-MS method. The green box indicates the correctly detected targets, the red indicates false alarms,

and the blue represents the ground-truth.
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Figure 3-8 PR curve over GF-3 real data
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Table 3—4 Performance comparison of different methods for the GF-3 data set
Irik HAK OWIE TIRE FUE WETIRN 6
CFAR-MS 0.5582 0.7562  0.4832  0.6423 1630
FRCN 0.6710 0.7597 05772  0.7126 85
CNN-Single-RPN 0.7433  0.7906 6784 0.7662 86
CNN-Single-ROIPooling 0.6887 0.7687  0.5997  0.7265 89
I 2 REBMZERMEZ | 07719 09022  0.7151  0.8320 115

Y ST UL R B 2 RO A B 22 190 28 YR A Ve = S U I e A O
Mok, AH R E 3-9JR T %5 A CFAR-MS K675 ¥ RIAS I 45 58 . 7 SE i i
H S /R AR AR RCR B v G AR T AE DSk A 4 SRR - P 3-9a itk
W2 ROEERIH A M 45 R IRCR I, ] 3-9b S CFAR-MS A6 I 7 YA R R INROCR 18] {6
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Figure 3-9 Ship detection results with (a) Revised Multiscale-CNN and (b) CFAR-MS from a GF-3 SAR
image. The green box indicates the correctly detected targets, the red indicates false alarms, and the blue

represents the ground-truth.
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Figure 3—10 Ship detection results in offshore areas of GF-3 images. (a-1)-(a-4) exhibit the visualization
results by using Cascade-CNN. (b-1)-(b-4) show the detection results of CFAR-MS. The green box indicates

the correctly detected targets, the red indicates false alarms, and the blue represents the ground-truth.
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Figure 3—11 Demerit analysis from SAR ship detection results based on revised Multiscale-CNN
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Figure 3—12 Ideas on the proposed cascade network and PCT method for SAR ship detection
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Figure 3-13 Architecture of the cascade network, which consists of one ship proposal network and two
cascade ship discrimination networks. All of them share some convolutional layers for feature learning. In
this figure, “FC” represents fully connected layer, “cls.” and “reg.” denote the classification (ship-region or

non-ship region) and bounding box regression, respectively.
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Figure 3—14 Ship proposals are generated by using the cascade netowrk
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Ir(x,y) = (3-9)
T;, otherwise

Hr, BE T e
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45—



% =% @) SAR EEAMAS B AR N 04 45 fm AL AR5 i RGE R 5 T

Hrp, €() #n "4 DCT A2 fufiAl, H

L ifu=0

a, =4V (3-12)
J& T<ussh-1
L ifv=0
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Figure 3—15 Workflow of the PCT-based visual attention for accurate ship extraction
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Figure 3—16 Designation of the regional adaptive proposal regions
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(3-20)

[xrs’ Vrs» hr, Wr] = [xrba Yrbs hr’ Wr] + [xs - 2h’ Vs — 2W, 0, 0] (3_21)
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$i1: 3-1 PCT based visual attention model for SAR ship discrimination

WA RSB S PARGEAR IS B brfgidetE 2 & ShipProposal ;
fil: AL ISR EE R Re finedShip.
1 AR I SAR EG ik H Andics N, = size(ShipProposal, 1);
2 B —MTEES count = 1, FHHIUEAE RefinedShip = zeros()
3: fori € [1,N,] do
4 SREHI B e HEN B [x, yi, b, w'] = ShipProposal(i,:);
50 REUEENY RBEERENLE R = [x) — 20" + 1,yL = 2w' + 1,5k, 5w'];
6: it NLM BEMEIA T HEME S Iv, = NonLocalMean(R,q);
A (3-20) X EHUG AT HAL BRI 15 2 T AL B 1 R R Tpp ;
A (3-9) & (3-17) FREH & WY K L 522 B Latiency s
9o AKX G-18) R MEKK L
10: i EMRE A2 A PR B O0AL S5 1) B AR DR N
11: for j € [1,N,,] do

i
i

B R R TR O remp = [, 37 b w )
13: while (30 < A/ - PS,, < 600) A (30 < w) - PS,, < 600) do

14: if H AR ATERH X $ then

15: WHEBERERG R Z B hrE

16: Re finedShip(count,:) = temp + [x! — 2h',y! —2w',0,0];

17: FHIT 8 count = count + 1

18: end if

19: end while

20: end for

21: end for

22: return Re finedShip.
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Table 3-5 Quantitative detection results by combining cascade network and PCT for SAR ship detecion
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Figure 3—17 Detection results on four image patches cropped from the Sentinel-1 images by combining

cascade network and PCT
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Figure 3—18 Goast analysis in ship detection
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Figure 3—-19 The intermediate results of PCT model. (a) one image patch tiled from the original Sentinel-1
images; (b) The image patch after image despeckling by using the NLM algorithm; (c) The image patch after
preprocessing; (d) The flooding map; (e) The image patch in frequency domain; (f) The transformed image
patch reversed to the space domain; (g) The image patch after Gaussian filtering; (h) The image patch after

morphology; (i) The detection results by some constraints.
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Figure 3-20 Detection results with and without image despeckling
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Figure 4-1 Physical scattering signatures investigated in this study
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Figure 4-3 Network structure of the contrastive-regulated CNN in the complex domain
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A1) 4-1 Extracting physical radar signatures from single- and dual-polarimetric SAR images.
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Figure 4—4 Workflow of dataset preprocessing and ground-truth generation
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Table 4-2 Basic Information of F-SAR data acquired in Kaufbeuren, Germany
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Figure 4-6 Selection of the trade-off coefficient in overall loss measurement
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Figure 4-7 Accuracy comparison when extracting physical scattering signatures from different-polarimetric

SAR images.
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Figure 4-8 Visualization of physcal scattering signatures from single-polarimetric SAR images
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Figure 4-9 Visualization of physcal scattering signatures from dual-polarimetric SAR images
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Figure 4-10 Pauli visualization of the additional testing data and the ground-truth
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Figure 4-11 Accuracy comparison when extracting physical scattering signatures from newly

multiple-polarimetric SAR images
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Figure 4-12 Visualization of physcal scattering signatures from single-polarimetric SAR images



FuE  § ALy X T SAR B et I £ 2R IR R X

N T B AR AC A AR SAR Rfa i a8 AR ALy B IO SR A SR RS2 AL TR RE
AREEh A 4-13affrny HHARAE S VV AT 0416 SAR R b ab il e Yy BEIUR 2R
AP ISR, SRR IIE T 5 45 G Tl s AR AL SAR EIR RES 24 = iy
AR AR RE 7 - 18] 41370 VH A HV b7 sRES SR AL SAR Zdfa i
ISP PEHUR RS A R (5 E4-9b45iE—E) , IREIFTR SRR IGUE T 32 X
WAk dlfr SAR Fdax I B R JE AU SR BCIER AT IR . 18] 4-13c~ [&] 4-131 5 3R A
T 5 HRAL SAR B, ZRARIRIETT 30 SAR EBRA A REMSTEAR AR L b5 i
A R Y B O R R R R R RE T -

(a) [HH+VV] (b) [HV+VH] (c) [H*]

(d) [V¥] (e) [*H] () [*V]

A 4-13 MARAL SAR FE P I FZH AT X R oy T AL 28 R

Figure 4-13 Visualization of physcal scattering signatures from dual-polarimetric SAR images
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O fiin/ B R x R MR R)
ARAZIN ] (411 /1) 2016/01/21 201500226 | 2016/01/17
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Figure 5-1 Overall workflow of the proposed method
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5.32.1 RAFHEZR

TEAR R 2 1), A<3CA SLC A& 19 /AU Ak SAR G Fh R ALRRE . X T
HH Hlfk TerraSAR-X (i, & 5ei52I 26t =S50

Cix = E{|Sunl’} (5-4)

XH, || RIGEBRRIEXMAIZE, NATR tsx 3R TerraSAR-X 4.
BETZS5FE, A2153) HH M4k TerraSAR-X 45 MIMRALERE , HEARBEE
TREAXFARIR N
Zix = 10 - log C« (5-5)
Horr, log(r) RO HUz A
X RURACIEE A, 40 Sentinel-1 241 VH #1 VV b 77, ASCEH R —4
BRI 2 x 2 Wy AR FOR B i M R, BB RIEh

Cu Cn
C, Cn

Con = (5-6)

o, "M AR sn R Sentinel-1 1R, () Fondtiz®, HXTALAEN AZIR N

Ci1 = E{|Svul*} (5-7)
A

Cy = E{|SVV|2} (5-3)
JEXT L ITEFTR N

Ci2 = E{SvuSyv} (5-9)

X5, Sentinel-1 XURALIREIE I ALHFIE 1T AZE R

-Z1- [ 10 - log Cy;
22 10 - lOg sz
2. = 23 _ Cxn/Ch (5-10)
2 |Ci2|/VC11Cx2
Zs Cii—Cx»
126]  [(C11 = C)/(Cii + C))
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() P Py 2 R
[ k(z1,21) k(zi,2,) -+ k(zi,zy)]
K, = k(Zz.,Zl) k(Zz.,Zz) k(ZZ.,ZN) (5-11)
_k(ZN,Zl) k(zn,z;) --- k(ZN,ZN)_
YIGRE 5 MR E 2 (R By 25 00
K. = |k(z.,2)) k(z.,2) --- k(z..Zy) (5-12)
DALt 2 1) i oy 22 A
K.. = k(z.,z.) (5-13)

38 A R EO 5 ARG E, AN B A X% (Automatic Relevance Deter-

mination, ARD) F8%0°F 5 4% pR B X B BE T I OBk . ARD $850CF- 7 B sR 0 H Ak
) 1 D (Zim - ij)2

k(z:,2;) = 07 exp [—5 Z T] (5-14)

m=1
XL, A T oy RAZRBT P SEL, A BRSPS 122 8] X HA
RYERE AR, of fR TREARTED AR BB mfe . NZsUh A G/, Lz
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R FEAL M 2 7)8 o
e i AR [ U5 5 R MLt ) ek b i) — o M KR RO I T R BRI REAS Rk
PR 0 R B A A1 o NG5 IR ) AR B A1 ] RASE I DA S R A2
fe &

H ~ GP, (5-15)

Y-
DCHL, ()T R RERE AR

Kg + 0 Iy Ky, )
Kf*T K**

EM 51 (S mEE). EANEEEE 1 fon BRARKESISH, Wit sH
P(1lz2) TR 3 5

R4 E R ENE A, RN EAAE E 2 Mz IRWEC S &, W&

i p(z1122) RAE o076 B EaRE S DA e B 5. 10] DASS BR300 4t 1 s B i o
H
p(¥:l2.. D) ~ GP (V.| ucp 0Gp.) (5-16)
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Horr, TSR R AR
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TRE Y 7 22 W] AR A
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Figure 5-2 Training data overlaps of the two pairs of SAR images with multiple-bandwidth.
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Figure 5-3 Training process of polarimetric entropy and polarimetric alpha angle for X-band TerraSAR
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Figure 5-5 Predicted mean value of polarimetric entropy and the corresponding certainty level from a
TerraSAR-X image
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Figure 5-6 Predicted mean value of polarimetric alpha angle and the corresponding certainty level from a

TerraSAR-X image
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Figure 5-7 Identification results of physical radar signatures on a TerraSAR-X image
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Figure 5-9 C-band Sentinel-1 test image after logarithm transformation
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Figure 5-10 Predicted mean value of polarimetric entropy from a C-band Sentinel-1 image and the

corresponding certainty level
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Figure 5-11 Predicted mean value of polarimetric alpha angle from a C-band Sentinel-1 image and the

corresponding certainty level
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Figure 5-12 Identification of physical radar signatures from a C-band Sentinel-1 image
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Figure 5-13 C-band wide-swath Sentinel-1 test image
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Figure 5-14 Identification of physical radar signatures on a Sentinel-1 image. The image size shown in this
figure is 800 x 1000 pixels. R: MS, G: VS, B: SS.
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Figure 6-1 Data source distributions of the OpenSARUrban dataset
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Figure 6-2 Two-level hierarchical annotation scheme in urban areas
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Figure 6-3 Optical examples and their corresponding SAR examples for each category. The first row and the
second row show optical and SAR examples of skyscraper, dense and low-rise residential buildings,
high-rise buildings, villas, and general residential areas, respectively. The third row and the fourth row show
optical and SAR examples of industrial storage areas, airports, railways, highways, and vegetation,

respectively. The colored masks are the main land cover locations of the given category.
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Figure 6-5 Overlap computation mechanism
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Figure 6-6 Data organization of the OpenSARUrban dataset
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Figure 6-7 Image patches for each category with UINTS format. The first row shows VH-polarized
examples of skyscrapers, general residential areas, high-rise building blocks, dense and low-rise residential
areas, and villas; The second row shows the corresponding VV-polarized examples; The third row displays
VH-polarized data of airports, railways, highways, industrial storage areas, and vegetated areas; The fourth

row exhibits the corresponding VV-polarized patches.
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Figure 6-8 Dataset distributions among different cities. Differently colored bars represent the number of

image patches from different categories. Image patches are grouped according to the city distributions.
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Figure 6-9 Manifold visualization method for this dataset
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