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LAND SURFACE ROUGHNESS PARAMETER RETRIEVAL BY INVERSE
SIMULATION OF DUAL-POLARIZATION RADAR BACKSCATTERING

Radar remote sensing is a modern and advantageous method for aerospace research of the Earth. The mass
commissioning of new high-resolution radar systems based on synthetic aperture radar (SAR) has greatly expanded
the capabilities of radar imaging. The expediency of the SAR using was approved in domains that traditionally used
remote sensing data, such as cartography, agriculture and forestry, mineral prospecting, environmental security,
disaster monitoring, defense.

The primary physical parameter of the land surface, which is registered by non-interferometric SAR, is the
radar backscattering coefficient (sigma nought). The received radar signal is a source for the complex simulation of
backscattering processes and evaluation of the secondary land surface physical and biophysical characteristics:
texture, soil moisture, dielectric permittivity, vegetation cover structure, etc. Herewith the land surface roughness,
described by the standard deviation of its vertical irregularities, is one of the most significant entities in any radar
simulation. Therefore, the land surface roughness restoration using radar remote sensing data is a high-relevant
task. The land surface roughness is an independent physical parameter, in much determining the radar
backscattering. However, the roughness correlation length depends on the polarization of the radar signal.

This paper describes a quantitative approach to the land surface roughness recovery by dual-polarization
SAR imagery using separate measurements adjustment of independent physical value — dielectric permittivity in
different polarizations. The proposed Baghdadi et al. semi-empirical calibration of IEM radar backscattering taking
into account the polarization-dependent correlation length is used to ensure the physical equivalence of the land
surface dielectric permittivity measurements in different polarizations. In addition, the paper provides the required
computational equations, as well as the example of an actual Sentinel-1 radar image processing. The results
obtained are generally correspond to the known physical patterns and landscape features of the study area.

Keywords: radar remote sensing, dual-polarization SAR, radar backscattering, polarization ratio, land
surface roughness, dielectric permittivity.

C.A. CTAHKEBHIY, M.O. CBIAEHIOK, A.P. JIUCEHKO

HayxoBuit nenTp aepoxocmiunux gocmimkens 3emmi ['H HAH Ykpainn

OIIHKA IMTAPAMETPIB HIOPCTKOCTI 3EN£HOi ITOBEPXHI 3A
ABOXITOJIAPU3AININHUM PANIOJTOKAINIMHUM BIIBUTTAM
METOAOM 3BOPOTHOI'O MOAEJIFOBAHHSA

Paoionokayitine Oucmanyitine 30HOY8AHHA € CYHACHUM MA eQeKmusHUM MemoOOM AepOKOCMIYHUX
docnioxcenv 3emni. Macoee 6nposaddicenHs HOBUX PAOIOIOKAYIUHUX CUCMEM BUCOKOI PO3DISHEHHOCMI HA OCHOGL
paodionokamopis 3 cunmesogarnoro anepmypoio (PCA) 3HauHO pO3Wupuno Mod#CIuBOCmi paodapHo20 3HIMAHHA.
Hoyinenicme 3acmocysants 0aH020 mMemoody 0yn0 niomeepoxceHo 6 cepax, wo mpaouyiiHo BUKOPUCTHOBYIOMb
0aHi OUCMAHYIIHO20 30HOVBAHHA — KApMocpag)ii, CilbCbKOMY [ 1iCOBOMY 20CHO0ApCMEi, NOWLYKY KOPUCHUX
KONANUHU, OXOPOHU HABKOIUUHBO20 CEPed08UYd, MOHIMOPUHSY HAO3BUYALIHUX CUMYayil, 0OOPOHI.

OcHosHum Qi3uunum napamempom 3eMHoi N08epxXHi, AKUll peecmpyemuvcs Heinmepgepomempuynumu PCA,
€ KoeqhiyicHm 360pPOMHO20 PO3CISHHA (cuema-Hyav). [IputiHamuli paoapHuil CUSHANL € O0XHCEPENoM 05l CKIAOHO20
MOOENIOBAHHS NPOYECi6 360POMHO20 PO3CISHHA MA OYIHKU GMOPUHHUX DI3UYHUX | OIOQI3UMHUX XAPAKMEPUCIUK
3EMHOI NOBEPXHI -- MEKCMYPU, 36010HCEHOCTI, OieleKMPUUHOI NPOHUKHOCTI, CMPYKMYPU DOCIUHHO20 HOKPUBY
mowo. Ilpu yvomy wopcmkicmv 3eMHOI NOBEPXHI, KA ONUCYEMBCA CEPEOHbOKGAOPAMUYHUM GIOXUNEHHAM i
BEPMUKATLHUX HEPeSYIAPHOCTEU, SUCMYNAE OOHUM 3 HAUOLTbUWL 3HAYYIUX YUHHUKIE OYOb-5IKO20 MOOENO6AHMHS.
Omoice, 3a0aua GIOHOGNEHHS WIOPCMKOCMI 3eMHOI NOBEPXHI 3a OAHUMU PaodioNOKAYIHO20 OUCMAHYIUHO20
30HOYBAHHS € documb akmyanrvHow. LLlopcmkicms 3eMHOT NO8epXHI — ye He3anenHcHAa i3uyHa eenuduna, wo bazamo
6 YOMY GU3HAUYAE paldionoKayiine 360pomue posciauus. Ilpome paodiyc xopensyii wiopcmrocmi 3anexcums 6io
noaapusayii padiooKayiiHo20 CUSHATY.



IIPUKTA/IHI IITHTAHHA MATEMATHYHOI' O MOJE/TIOBAHHA T. 4, Me 2.1, 2021

Y cmammi onucyemwca kinokicnuil nioxio 00 6iOHOGIEHHA WOPCMKOCMI 3eMHOi No8epxHi 3a
ogoxnonapuszayitinumu 306pascennamu PCA Ha 0CHO8I Y3200%ceHHA UMIpI6 He3anedxicHoi hizuyHoi eenudunu —
JieleKmpuyHoOi NPOHUKHOCMI 68 pi3HUX noaapuzayiax. Buxopucmogyemocsa 3anpononosana baz0adi ma in.
Hanigemnipuune xaniopyeanus IEM padionokayiiino2o 360pomno20 pO3CISHHS 3 YPAXY8AHHAM ROJISAPUAYIUHO-
3a1excHOl 6enuuuHy paodiyca Kopensyii 0ns 3a6e3neueHHs Qi3uuHol eKeisaieHmHOCMI SUMIpI8 OleleKmpUuyHOi
NPOHUKHOCMI 3eMHOI noeepxui 6 pisHux nonspuzayisx. Kpim moeo, npueedeni HeOOXIOHI PO3PAXYHKOSL
CRIGBIOHOWIeHHSI ™A NPUKIA0 00pobKuU pealvrHoeo paodionokayitHozo 306padicenns Sentinel-1.  Ooepoicani
pe3yibmamu 8 Yiiomy 6ionogioaroms Gi0OMUM (I3UMHUM 3AKOHOMIPHOCHAM [ JAHOWA@DMHUM 0COOIUBOCMAM
mepumopii 00CniONHCEeHHs.

Kniouosi cnosa: padionoxayitine oucmanyiiine 30moyeants, o0eoxnonapusayiunuii. PCA, 36opomue
PO3CIAHH, NONAPU3AYILIHE BIOHOUIEHHS, WOPCMKICMb 3eMHOT NOBEPXHI, OieleKMmPUiHAa NPOHUKHICTND.

C.A. CTAHKEBHIY, M.O. CBUJIEHIOK, A.P. JIBICEHKO

Hayunsrit nenTp a’spoxocmuueckux uccnenoBannit 3emumm UT'H HAH Vipaunst

OIIEHKA ITAPAMETPOB IIIEPOXOBATOCTH 3EMHOM MOBEPXHOCTH 11O
ABYXIIOJAPU3AIIMOHHOMY PAJJAPHOMY OTPAKEHUIO METOJIOM
OBPATHOI'O MOJAEJIMPOBAHU A

Paouonoxayuonrnoe oucmaHyuoHHOe 30HOUPOBAHUE SABTAENIC COBPEMEHHbIM U IPPEKMUGHbIM Memooom
asporocmudeckux uccredoeanuii 3emau. Maccogoe nossneHue HOBbIX PAOUOTOKAYUOHHBIX CUCHIEM BbICOKO2O
paspewienuss Ha OCHO8e PAOUONIOKAMOPo8 ¢ cunmesuposannou anepmypou (PCA) snauumenvno pacwupuno
803MOJCHOCMU pAOapHOU cvémku. Llenecoobpasnocme npumenenus OAHHO20 Memood ObLiad NOOMEePICOeHd 8
cepax, Komopwvle MpaOUYUOHHO UCHOTL3YIOM OAHHbIE OUCTNAHYUOHHO20 30HOUPOBAHUS — KAPMOPADUU, CenbCKoM
U 1eCHOM Xo3alicmee, NOUCKe NONE3HbIX UCKONAEMbIX, OXPAHbI OKPYJcaioweli cpedbl, MOHUMOPUH2E UPe3BbIYALIHbIX
cumyayuu, 060poHe.

OcHosHbIM — (u3uvecKUM — NAPAMEMpPOM — 3eMHOU  NOBEPXHOCMIU,  KOMOPbUL  pecucmpupyemcs
neunmeppepomempuueckumu PCA, sensemcs koaghguyuenm obpamnozo paccesinus (cuema-uoiav). Ipunsmoiil
PAaoapubvlil CUSHAN AGIAEMCA UCXOOHBIM OISl CIOHCHO20 MOOETUPOBAHUSA NPOYECCO8 OOPAMHO20 PACCEAHUA U OYeHKU
BMOPUUHBIX PUIUYECKUX U OUODUIUYECKUX XAPAKMEPUCIIUK 3EMHOU NOBEPXHOCMU — MEKCMYPbl, GIANCHOCHIU,
OUDNIEKMPUHECKOU NPOHUYAEMOCU, CIMPYKMYPbl pAcCmumenbHo2o nokposa u m. 0. Ilpu smom wepoxosamocmo
3EMHOU NOBEPXHOCMU, ONUCHIBAEMAS CPEOHEKBAOPATNULECKUM OMKILOHEHUEM €€ 8ePMUKANIbHbIX HepecyasipHocmell,
svicmynaem OOHUM U3 Haubojlee 3HAUUMbBIX Gakmopos n0bo2o modenuposanus. CiredoeamenvHo, 3a0aya
B0CCMAHOBTICHUS WIEPOXOBAMOCU 3eMHOU NOBEPXHOCMU NO OAHHBIM PAOUOIOKAYUOHHOSO 30HOUPOBAHUSL A6TIAEMCs
oocmamouro axmyanvrou. Lllepoxoeamocmo 3eMHOU NOBEPXHOCU — SMO HE3ABUCUMAS PUUYECKAS BEIUNUHA, 60
MHO20M onpedersiowas paduoioKayuonHoe obpamuoe paccesirue. OOHAKO paouyc KOppensayuu wepoxo8amocmu
3a8ucum om NOAAPUZAYULU PAOUOIOKAYUOHHO20 CUCHANA.

B cmamve onucviaemca KoauuecmeeHHvlll NOOX00 K 8OCCMAHOGIEHUN) UWEPOXOBAMOCTU  3EMHOl
NOBEPXHOCMU NO 08YXNOAAPUAYUOHHBIM uz00padcenusm PCA na ocnose cocnacosanus usmepeHul He3a8UCUMOU
Qusuueckoll  BeIUUUHbI — OUINEKMPUYECKOl NPOHUYAeMOCmU 8 pasHulX noaspuzayusax. Hcnoavsyemcs
npeonosscennas bazoaou u op. nonysmnupuyeckasn karuoposka IEM paduonokayuonnozo obpamnozo paccesHus c
YUémom  NOAAPUAYUOHHO-3ABUCUMOL  BETUYUHBL  paouyca  Koppeusiyuu  Oasi  obecneyenus — Du3UYecKoll
IKBUBALEHIMHOCTNU USMEPEHUT OUINEKMPUYECKOU NPOHUYAEMOCU 3eMHOU NOBEPXHOCMU 68 PAZHBIX NONAPUZAYUSX.
Kpome moeo, npugedenvt HeobxoOumvie pacuémuvle COOMHOUIEHUsL U Npumep 0OpabOMKU pearbHO20
paouonoxkayuonnozo uzoopadicenus Sentinel-1. [lonyuennvie pesynomamovl 8 YeIOM OMEEYAIOM UIBECHHbIM
Qu3uUecKUM 3aKOHOMEPHOCMAM U TAHOUADMHBIM 0COOEHHOCAM MEPPUMOPUN UCCIEO0BAHUSL.

Kniouesvie crosa: paouonoxayuonHoe OuCmanyuonHoe 30HOUposanue, 0gyxnoaapusayuonuvii PCA,
obpammuoe paccesnue, NOIAPUIAYUOHHOE OMHOUIEHUE, WEPOX08ANOCb 3eMHOU NOBEPXHOCMU, OUIIEKMPUYECKAs
NPOHUYAEMOCIb.

Introduction

The land surface’s physical characteristics mapping using the synthetic aperture radar
(SAR) backscattering signals is an essential part of radar imagery thematic processing. Thus, a
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significant number of the derivative SAR data products can be produced, such as the spatial
distributions of the relative dielectric permittivity, volumetric water content in soils (or soil
moisture), vegetation cover fraction, leaf area index, biomass etc.

Currently, numerous heuristic, statistical, semi-empirical and physically conditioned
models are developed for producing the derivative SAR-based data products. More or less, all the
models are based on the land surface roughness, which wield a major influence on the radar
backscattering. However, during the investigation of the land surface parameters by the remote
sensing methods, the surface roughness is usually unknown or inaccurate. Therefore, the resulted
physical and/or biophysical parameters estimations are under the severe uncertainty.

This paper presents the approach of the land surface roughness recovery based on the
Integral Equation Model (IEM) with semi-empirical calibration using the dual-polarization radar
backscattering.

State of the art

The land surface physical and biophysical parameters retrieving from radar data are
actively investigated since the SAR appearance. The primary physical parameter acquired by the
calibrated SAR is the relative radar backscattering coefficient, or sigma nought (¢°) [1]. The first
attempts to simulate radar backscattering are associated with the ¢° restoration by the radar
imaging parameters [2]. Recent studies approve that semi-empirical models, such as the Oh and
Dubois models, are suitable for this purpose [3]. Nevertheless, the IEM is recognized as the most
relevant physically conditioned model of the radar backscattering [4]. Developed in 1992 [5], this
model is repeatedly refined and improved [6, 7]. Further studies follow two main concepts: 1) the
computation of comprehensive SAR-based physical and biophysical land surface parameters,
such as soil moisture, LAI etc. [8-10], and 2) backscattering models, mostly semi-empirical,
refinement and calibration [11-13].

According to the actual land surface roughness computation by the radar data, there are a
wide variety of methods are known, both classical physical simulation [14] and popular modern
approaches, for example — the use of fractal geometry [15] or neural networks [16].

The simplified IEM equations for horizontal (H) and vertical (V) radar backscattering
have the following form [17]:

0
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0 _ 22
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where k = 2771 is the radar wavenumber, 4 is the SAR operating wavelength, 8 is the radar beam

incident angle, s is the standard deviation of land surface roughness, / is the land surface
horizontal profile correlation length [18], ¢ is the is the land surface dielectric permittivity.



HPUKIIAJTHI ITINTAHHA MATEMATHYHOI' O MOAEJIIOBAHHA T. 4, Me 2.1, 2021

Materials and methods

Since the ¢ is an independent physical quantity that characterizes the land surface
properties, it should not depend on the way it is observed, in particular, on the SAR polarization.
Therefore, the dielectric permittivity estimated by the equations (1) and (2) should be equal or
close. In particular, it can be assumed that

2
0 .
o, cos@ ++/e—sin” @

~ (e -Dsin’ 0+ ) (3)
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Thus, the ¢ can be derived from the equation (3), as shown in the Fig. 1 plot. However,

0
within a defined reasonable range of ¢ =[1 .. 15], the / O-—g =[1..2.5], whereas in practice the
O-H

0
o
—~ value ranges up to 40.

0
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Fig. 1. Graphical representation of the SAR polarizations ratio

In our opinion, the issue is caused by the dependence between the correlation length
observed and the radar signal polarization [19]. And no wonder most modern researchers are
forced after Baghdadi et al. [8, 11, 12] to make certain calibrations in the radar backscattering
model to obtain practical results [20].

It seems right to introduce an additional multiplier into the ratio (3), depending on the
different polarizations correlation length:

Thus, the ratio (3) is refined by the embedding of an additional multiplier, which depends
on polarizations correlation length:

—(kly sin@)>
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Usually, correlation lengths /y, [, are expressed through the land surface roughness s by
the power-type relationship [19]:

1, =o,s" =5,(sin@) "

I, =a,s” =5,(sin@) s

()

where «, [ are polarization-depended parameters, parameters that can be splitted into
polarization-dependent o, ¢ and polarization-independent y, # components. The papers [21, 22]
provide quantitative values of the IEM parameters, which require the correlation length
estimation for the C-band SAR.

0
. . . . (o . .
With the consideration of correlation length, the / —g ratio becomes very flexible and
GH

expands to almost all observed values, as illustrated by Fig. 2 plots.
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Fig. 2. The SAR polarizations ratio with the land surface roughness

Now, by fitting the optimal value of the land surface roughness standard deviation s, it is
possible to achieve equality of model polarization ratio with the actual one present in the SAR
image. As model benefit, for the already determined s value, a coupled quantity of the land
surface dielectric permittivity ¢ can be found.

Results and discussion

The approach described above is implemented as the simulating scripts in the ScilLab
numerical computation environment and was applied for the Sentinel-1 dual-polarization C-band
radar image processing (Fig. 3).
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b

Fig. 3. Sentinel-1 dual-polarization radar image
Ochakovske — Skadovsk (Ukraine), April 12,2021, 10 m ground resolution
a — VV polarization band, b — VH polarization band

The simulation is performed within the range of s =[0.4 .. 1.7] cm, resulting in a pixel
map of the land surface roughness distribution. Grey shades on the Fig. 3 represent areas with the
different level of the radar backscattering at the curtain land cover: light shades correspond to
rough surfaces (vegetated areas, arable fields etc.); and dark shades correspond to flat surfaces
(water, paved roads etc.).

Next, a joint map of the land surface dielectric permittivity is shown in Fig. 4, was
produced using pre-estimated roughness values. This map can be useful for obtaining the SAR-
based physical and biophysical parameters providing the context information for study areas
thematic analyses.
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Fig. 4. The SAR-based land surface dielectric permittivity map

The Fig. 4 represents in grey shades the areas with different values of the &: light tones
correspond to strongly electrically polarized materials and substances (water, dry soil, vegetation,
polymers); dark tones correspond to surfaces, where radar signals penetration depth is low (dry
rocks, dry soil, construction materials etc.). The statistics of dielectric permittivity distribution
within the map Fig. 4 looks somewhat underestimated, but in large one meets the known general
physical properties of the land surface.

Conclusions

In this study, we attempted to provide a comprehensive solution for the dielectric
permittivity estimation based on the semi-empirical radar backscattering model. For this purpose,
the effective correlation length is introduced into the integral equation model (IEM) as a
calibrating parameter. The implementation of this parameter ensures the mutual adjustment of
independent physical characteristics of the land surface, namely roughness and dielectric
permittivity. The coupled processing of the Sentinel-1 dual-polarization radar imagery increases
the physical conditioning of the model and the propriety of the quantitative estimates received.

The described approach is appropriate for dual-polarization radar data. Application of the
presented approach for multi-polarized SAR data can be performed is possible is possible by
providing extra degrees of freedom. As a result, the scope of this approach applicability will
expand.

Future investigations will be devoted to experiments with modern backscattering models,
radar imagery and field data. The experiments will be focused on the fitting, calibrating and
refining used radar backscattering models over the various land cover types. After large-scale
tryout and elaboration, it will be possible to recommend the developed approach for the practical
applications of radar remote sensing.
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