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Abstract: As the most dynamic component of terrestrial water cycling, soil moisture plays a pivotal role in
the formation, transformation, and consumption of surface water. Simultaneously, it serves as a crucial pa-
rameter influencing hydrological processes, vegetation status, and climatic conditions. Therefore, high-
precision, high spatiotemporal resolution soil moisture data holds significant importance across various
fields, including agriculture, forestry, and meteorology. Presently, traditional methods such as the time—
consuming and labor—intensive drying-weighing technique are inadequate for large—scale monitoring de-
mands, highlighting the advantages of remote sensing methods. However, optical sensors are susceptible
to cloud cover and vegetation obscuration, while microwave remote sensing technology faces challenges in

balancing spatial and temporal resolutions. The space—borne global navigation satellite system-reflectome-
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try (GNSS-R) technology, characterized by short revisit cycles and pseudo-random sampling, presents a
new opportunity for soil moisture retrieval. This paper begins by introducing the fundamental theory of soil
moisture retrieval using GNSS-R and analyzes error sources during the retrieval process. This includes the
scattering and attenuation effects of surface factors such as vegetation and surface roughness on reflected sig-
nals, as well as the impact of water bodies on reflectivity. Existing error correction methods and their limita-
tions are summarized, and potential avenues for improvement are discussed. Subsequently, the research
progress in recent years regarding space—borne GNSS-R soil moisture retrieval is analyzed from three per-
spectives: (1) The development status of space—borne GNSS-R constellation. (2)An overview of algorithms
for space-borne GNSS-R soil moisture retrieval, including empirical models, semi-empirical models, and
machine learning methods. (3) Advancements and directions in integrating GNSS-R with other data for soil
moisture retrieval. In conclusion, based on the scattering mechanism of reflected signals, the selection of
auxiliary data, and the utilization of incident angle information, this paper discusses the technical challenges

faced in current soil moisture retrieval using space—borne GNSS-R technology and provides insights into fu-

ture research directions.
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Tab. 1 Launch Time, Signal Source and Signal
Frequency Information of Some Space-Borne
GNSS-R Missions
KGIHL iBAT

TR W/EE R Rl (CheR &
UK-DMC b [ 2003 4 GPS L1
UK-TDS-1  #[H 2014 4 GPS L1
CYGNSS % [ 2016 4F GPS L1
GPS,
Cat-2 PEPEF  20164F  GLONASS- L1,L2
Galileo,BeiDou
SMAP
(NSS.R B3| 2017 4 GPS L2
BF-1 GRS 20194  GPS,BeiDou L1
Spire Spire 20194 GPS,Galileo L1

GNSS-R |

Cat-4 FPEF  20204E  GPS,Galileo L1,L2
FSSCat FHPEF  20204E  GPS,Galileo L1
DoT-1 B[] 2020 4F GPS L1

GPS, Galileo,
FY-3E o 2020 4F ) L1
BeiDou
Hy- ) L1/E1,
B2/ 20244F  GPS,Galileo
droGNSS L5/E5a

(4 RE VRSO , 48 S 5 238 A B -REDRE 2 (reflectivity -
vegetation-roughness, RVR) i = 7t £k 14 ] I 454 74
S CYGNSS + 581 &, #5241 2 4 SMAP $2
R HLRE B 22 B0 VOD B4 . CYGNSS Jiz i 45
R SMAP 2 2% s BAT B4 (A O, RMSD
H0.07 em®/em®, ML AL, A 35 FE A5 5w pE T 5
R m R R = IH AT T Je 0 0RG BE DAl 24K
19 TR A R, SClk D32 i TR AE L R
DDM 4t T4 R AE i 3 RS 2 05 L i — 2P il b
TXF A ER B A OB, CYGNSS i 45 )
SMAP + S0 & 1y A 5C R Eh 0.8, H A 1L T
SMAP 4 , CYGNSS 4 B8 Ji 75 72 4 Bk X Ik 1)
25 (i) A o 0 P R T 2 22%  EW] CY G-
NSS A SMAP 4 56308 3 (1947 20kh 78 850405

SCHk [33] [l 4 SR 46 M 19 B L 3 T
CYGNSS M0 %5 5 72 4 I 2 57 4 M3 s v AL
AR5 LA IR ) 2, L ik % T b R
R RE R e R RS TSR T
b 3R T B E - HENRE E i  BE RA AR
CYGNSS J& i 45 5 SMAP K 52 o o5 + 378
JEE 0 LA B 1 — Bk o AE RIS rp A b
RSO U T 5 X8, R a0
Tt

Wi G5 22 B A R A1, o A 3B 43 BF 9% 2R 2 2
KRR S 78 CYGNSS 3608 . U Wan %5742
T — R R ME T R E IE CYGNSS
R R G R2 DA SR A B T
U R, A IS T R ) CYGNSS 4 208 i
L5 SMAP #1520 34 25 2 2% B dls #0 LA T S 411
MIZEME . Yueh 250 DL 4 HEMR R A Bk &K i b
FMURE Ry FE SR T — M LR of
8T X e R FE X CYGNSS S R, 45
FW, CYGNSS [ 5 FXF 4 e B A48 16 14 g [ 5
SMAP I SMOS T & F| F /i v # Z0R A0 1 38 15
F AR IR S AR A —

23 NMBFIFEFATRELERE

25 0 B A OOR B R B (E i TR 22 TR AR
L, b HE i R R AR A A A ek
CYGNSS UL %5 4 55 4 5608 15 e Al 3% 2850
B AEAEAE et O &R, R L 2 0 58 RN 100 42
M 4% (artificial neural network, ANN) . Bifi #IL % Ak
(random forest, RF) \ 32 5 [1] &[] 5 (support vac-
tor regression, SVR) % 3fi #%6 [ 2 Ft (extreme gra-
dient boosting, XGBoost) %5 Hl #% 2% >J 11 R Jz jif
CYGNSS g fig .

SCHR (18 1) FH 4 3% 45 ANN AR 3 i 2% >
A BR324 (international soil moisture net-
work , ISMIN) B 52 0 3l 3+ 3608 4l 5 CYG-
NSS L5 Bz JH: Ath b R 4 38 2 550 00] 1) JE 26 1 ¢
F AT CYGNSS T W B B o X Jz Jii 45
HATIE B MR TG, L5 225 B0 10 #H OC R AGA 3
0.900 9, J& Ml ¥ Jr M % 2% (unbiased RMSE,
ubRMSE) 4 0.054 4 cm®/cm?®, fIE B T i 4% 5 JiZ 73
- R AT

SCHR[35]%F Eb 437 T ANN . RF A1 SVR 3 Ff
W LA 2 ) B 78 CYGNSS 48 18 5 i
J7 T BE o 38 A 58 U IE Y O Ik Aff aE RF N B
O B R A A, L R i 45 R 5 2 2% B0 (1 RMSE
F/N(R0.052 em®/em?) o MEAM TR UK £
HER AN B ARRAE 04T T 4 7 a5 R K+
S8 I M 2% 14 X CY GNSS - HE W J 7 245 21 Y 5%
M o BRI 5, AR5 45 R 26 B, 76 Bl B K D
F 5 kg/m?*, H.25 [8] 5 0 1 A e iK1 X, 1 50k
AER AL AT 5 0 - R BEAS THE . BEJS  SCER[36]1 X
W 2 R W N T FE i A R IX R, i i 6 170
A ISMIN 3 (G 3 a (9 B0 047 2% 2T, A et [
et s 1 d, 25 B 20 BE S 9 km i CYGNSS
+ MR, H 5 SMAP 4 3298 () ubRMSD
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0.044 cm’®/cm®, H15E R EH 0.66

BTS20 sk e 00 DU, 8 A AR 2 BF 58 R
SMAP + 38 /R I 8s . a7 T
— T T 43 25 5 WK [) — 28 AU A Wb B AT R
B B KB R WD WO I 5 B A R . A H AR S
HLER 2 2 BB 1) S 38 245 2 | 10193 20 SR A R0
TR BE 2% B A M B 25 2 A A 4 R R I
rh ) T LA FH BN T 43 28 SR s 1) A s o

SCHRL 38T AR R B T 2R 25 W+ WL 2 2% )
FE AR Y 5 SCHR 37 IR RS2 % 58 3 F 3 km
MMBETREG RN T 2/ BRI WELA
[ A% Do R~ Sk St i) 22 R Il SR 70 L A+
M7 T M S5 S 25 A R H 32 R AL A T UK
Oy AERAG R . ZFSE L CYGNSS W 3 K H
il A My 2 AR 0 0%l B 2 8OV AR EE L
KA KK T M RF RS A S v+ R,
45 ] 5 SMAP + 3% 1Y ubRMSD 35 F
0.039 5 cm®/cm?®, B CYGNSS 1 L2 4t 5 i 23
I3 P S R R L 1 O A R S R
BRI A R 7

i 2 AL 2% 2 Jr i S 3 B i 5T
i, KRZ ¥ CYGNSS DMM () 84— i (40 WL 2
TR B AR M L U RS AE S i A RFAE , 3X AT
e FEOL L ME B R K, BT, SCER[39]
) 2 FH A 25 X 2% (convolutional neural network,
CNN)BLA K DDM 4k BUEAE R iy A FRIE A 1
T 2017—2019 4FH CYGNSS 8810 B 7= 4, 1%
il E SMAP 32 B R AE /Y X 38k B AT B 23 4 e R A
5 30 PR 7 A DR A, 5 Sk A5 A M B (X Ee
BRI E, IAh  B A2 E R T R
FAAR TR AR 2 ST B iy AR [RIRRAE S 80 A T 1 48
B BE I ST, 3% 2 A T AR R WL 2 2 i T
CYGNSS 81 Ji [ i iAo Jig .
24 ZHEHEHRERELIEREE

FH B - HE R R Y £ R E R R A B
SN B, R 22 5 B0 Al R 0 R
AUAT DA BRI i 7 15 22 , 3 BB A RUCHR s Bk 1) e 5
PR RS HAT, A 2 E VI TR
G A 38 B K 3 Bk B ik RN S v - R
JEE B AT AT MR A shE HEK A B R GNSS-R K
W B g

CYGNSS [ & 4 7.2 h i) 5 V5 J& 9 76 P
B B A R W LA AR R
CYGNSS — K 1y iz 17540 Bl a) 23 55 2 4 BRI 8,
8 Hy T B Al 2 BE L S A, A6 R 3 Hb X AT g

2 W BIOR B R B B A R BRI B . T
BN LI 3 SR 2 ] 43 FE R AR =, PR B 5 0 1
FREE SR E] i O OC & 5 IR LA 4
PRl A SAR 5 CYGNSS $# , ol fig £ ok —
A4 R 3 GNSS-R A+ 398 B 72 Y i A g

Ak, GNSS S5 5+ 35 I i (GNSS in-
terferometric reflectometry, GNSS-IR) #( #i 5 2
B GNSS-R 19 £ 8 mil 4 )2 8 2209 & O ),
GNSS-IR # A B 75 8] R 254 1 000 m*, w] {f A
JIN RUBE S0 sy R K RO BE T3 3 SRR 1 R A &b
T o 2018 4F , Xu SR F T SCIRT U il 45 ) 246 45
14 (generalized regression neural network , GRNN)
Xt SMAP ISMN,GNSS-R - 1 1 B 5 4 ik 47 5
1 A, S 6 45 R I, GRINN AR HRY LA 55 4 ()
A8, BB 00 000 B 7 R I R R 2 B R A S
S R0 B BT 1) — S0 38 5 38 SUIGIE A AH O
ZEZ4 0.9, ubRMSE 24 0.044 cm®/cm”, 156 B &2
T RS TR AR G b b T R R T R AR TR Y
ELMEX R B, DR ML F IR T
GNSS-R H AR 9 5 b 5 G 5 i 5 vk, v] LA &4
e S R 7 ) TR

3 E#HGNSS-REETEEENRE
PhAk

H AT, A2 2k GNSS-R J i 4 1818 B /4 0F 52 1t
Ab TR B B, AR R R T 45 i S T AR R AT
B2 AE N KRG LR~ LR . AR
T Bk P A BOR HE A AT A AT L 4R TR AR
GNSS-R J 7 1 1 8 B 7 1 1fs 1 Bk %
3 REHMESHETHIEETHS>EN S

HE, S5 5 oA T Fn AR A T O 4 i 0
Qb BEAT S — AN B IR P Y 1) B, K 2 B 5 AR
W2 Bl 0 S HE S A T O S R
By AR T LR B 1% A8 Ak R A B 1 8 4 AR
2 B AR 00 B R I A A A A0 S
R [46 JIA A T /LG 4 & F 2ok A T W Rl K AR
F T K, T I A T RO A3 e D b R KR Y
SR, B4 H R T 1] 31 7 25 5 T CYGNSS
B 0 A AR T O 43 ST A R R R 4
5 SMAP 3808 B il B A B4 — Bk,
RMSE i #] 0.04 cm®/cem®, UE B T 3% 5 2 i & B
PEFIA RO . 2018 4%, SCHk [47 142 o — F F] H
CYGNSS Ji iy b 35t 8040 52 BB B AR 6745 5L, %)
S A 5 AR TR AR A TR AT U A O
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Tab. 2 Advances in Soil Moisture Retrieval by CYGNSS Based on Machine Learning

SCHik A U5 R Y S5 CYGNSSWMEE  whEyEE /A 2[5 PF%/km BT
ubRMSE=0.054 4 cm®*-cm*
CHk[18] ANN ISMN SR, TES,0 24 9 o
R = 0.900 9(vs in-situ)
SCik[40] ANN SMAP SR,SNR, 4 9 36 R = 0.85(vs SMAP)
ubRMSE= 0.052 cm®-cm ™ *
HKL35] ANN,RF,SVR ISMN SR, TES, 0 33 36 o
R = 0.894(vs in-situ)
) ubRMSD=0.044 cm®-cm~*
SCHk[36] RF ISMN SR, TES, ¢ 26 9
R = 0.66(vs SMAP)
ubRMSE= 0.062 cm®-cm*
R = 0.798(vs SMAP)
Hik[28] ANN SMAP SR 13 36 N
ubRMSE= 0.053 cm®-cm
R = 0.724(vs in-situ)
RMSE = 0.052 cm®+cm
) R = 0.86(vs SMAP)
SCHK[37] XGBoost SMAP SR 24 36 ) )
ubRMSE= 0.049 cm®-cm *
R = 0.753(vs in-situ)
ubRMSD=0.0395 cm*-cm ™ *
R = 0.400 6(vs SMAP)
Hik[38] RF SMAP SR, TES,0 33 9 o
ubRMSE=0.054 3 cm®+cm *
R = 0.462 3(vs in-situ)
RMSE = 0.032 cm®+cm
R = 0.8(vs SMAP)
SCHk[41] ANN SMAP SR 24 36 o
RMSE = 0.082 cm®-cm *°
R = 0.85(vs in-situ)
RMSE = 0.063 cm®+cm ™ ?
XHk[42] ANN,RF, XGBoost ~ SMAP BRCS,TES,0,L.C 12 9
R = 0.71(vs SMAP)
SR,BRCS,AP, ubRMSD = 0.033 3 m*-m *
CHik[43] CNN SMAP 44 9
ESA,0 R = 0.94(vs SMAP)
CHik[39] CNN SMAP SR, 0 33 36

1 : TES(trailing edge slope) 4 J& #5 &% ; BRCS (bistatic radar cross section) g 3 8 5 B 2 %85 L.C (land cover type) A + Hb 7 35 25700
AP (analog power) A5 % ; ESA (effective scattering area) i A S U 5 vs in-situ/ SMAP R7R JUEH 45 5 in-situ/SMAP £ % 4L

e e

USRI AR T B 0 B B D R 2 B AR T

FIF 1) P9 8 007 394 o0 107 A A IS 2 D 9 A X
FiRFAE , 5296 45 R R W% 07 A RORAR I 2 T
SHE S P T i o SCRRT A8 13l i Xt 2 i %
Ak ) Dy AT F 07 1) BE AT 20 A R PR AL S S /Y
A PE, WSR RE RS £ B AR 2] — > E R =TT
W 2 7m R SHAE S — AR TR . SCRRT49 I35 = 2k
DA ASE WL 2 AT A1 PR 3R AR AR 3R Ik
JEE R BP0 12 4 R SO AR S AR T . R wE
FEHR 2R BCAE 5 AR T PR AT T AW, %
o e AN AR AR B (EUR Rl R A LA
S 2% N TTRE SE 4Ot T SORLES | DN I RO A S 2
T AR 35 R A A A 20T () A T RS A A o
FUAR B0 ATS SR AR ME 0 22 | F R W AR 42 A B T i
PR, i AR Bl 3R R A R A B A 2 1 DL xR

(4 HBC S L 1) 38 47 B 40 B AR5
3.2 REE & B HUE AR

AR I T LM PA AR 2L 2
2, 76 H AT 2 GNSS-R % j8 + 5218 5 19 0F 5%
W, K 22 SR G Atb il B B DA AR o R R L P
h R 3 GNSS-R WL E 8 AN AL 52 3] 4 HE W B 1
SR A 5 R R RS B KR AR A I R A
SR, il Bh 5 0l R AR B HLAT (158 25 R RE 4 Ol SR
g5 A ok N k. SCHk (2319 BT T 4l A
SMAP I 7 ¥ 3 KRS B R %05 fff FH ICESAT
(ice, cloud, and land elevation satellite) fif $& {4 (19
15 43 HE SRS B 7 1 O Sl B A B T AR B0
B4 GNSS-R -3 B fe 3 45 R AN R o R, A
W TR AR R MER S AR RE RO 4R BB
ST AR A GNSS-R UL K0 4% Sz 76 1 =6 HEL R 2 19 O
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Beo [RIRE BETT R 1 B0 2R AE SO0 A 5 2 Il 880y
(4 1 B 2 805 1 X T 0K 3582k 47 488 S 114 K A4
BRI R AN AT 2000 A B )

B3 GNSS-R i 4 458 18 ) 3 8 b X F 5l
Bl BB 0 AR5, 2 i 0 b 5 i e ¢ R R A5 AR A
WM 5 B R A 5 00 15 5 O LT , o & B SR
THE T R R R 5T T R M L ST R SR
T CYGNSS B 2 AF b 28R B LAk 2> it 403
Al B B 1 A4
33 ANSREENFA

CYGNSS 22 LT L3R 15 K 5 Bl A5 £
B 8 2 A S AR A S AT — 25 B
AR BSCHE S DT 2 R T 45 S A B A A R
117 7€ H H ARS8 38 A AR A AT R Y
U — Al A 240 B 4 2 A S Rt
J2 Y A AR A R O AS TR O T AT 5 A v 1 £
JEE AR BN 5 3R B s U R B R AR K X 4
XoF B2 1 45 L 1 AR K . R EF, CY GNSS Jir i
A TR B SR A UL B4R A B T LAl AR 2 R 2R
55— KA %, Rt & BRI R A 0 bk |, IF
KBTS G A R 5 9 GNSS-R £
P 7E - 60 B R e R oy T

4 BHEERE

ASCHE CYGNSS i 4= 38 08 B i 90 4 R 1
B T S TP = A = 1 T O R S A
4G LR LA J7 i s (1) 35 5 oA T Fn e A
THIC A3 d o5 LU AN B A 1 1), 7E il b R
E R R GHE S A T O A S RS
M 2200 T AR A T 300, SR, MR ORDRE B DL K
Bk 1 A8 Ak 25 5 BCIE A T 00 R SR R B, PR UL
95 GNSS {55 5 76 A [F) b & 2 A5 A1 B0 F 1)
FCGF AL, F4 3E TT 56 0 BUE GNS'S i [ #i + 458
T A AR 2 T ) R 2 —  (2) ST ik ) A B
RO AR L AE BT R R A A B B8
DA TF 15 25 Y8 1Y) 52 M), L i B AR R AR B B AT 1Y
R 25 A fig 23 5 30T 45 2R 0 A HE A L (3) AR
s B R . BUA BFIE I bR A9 A5
) £ 75 ¥ R 22 2 0 A S A 45 G — s Y L, B
XoF AT R A — R Ab B, — R IR AT
B3 GNSS-R #5% fif i fig 422 050 2 19 A 3 M 15 B S
NG 251 RAS 5 B R P R ] IR I 25 6 b
FNE DU 5T A A A AR A B O LR, JF &
BT ORFLA G A0 B 5, AT J GNSS-R
BE TE 4 0 B B ) R Ay

BEAh , 3R S B S T R R,
SR FH b T S0 3 1 A T BE AR Sk BCAEL A, S RUBE
AT RCBE B s G vk UL OEC 5 T BE £ SMAP 5%
SMOS, |23/ 2% CY GNSS B 45 v 1 23 1] SR Af
R ] o B RO B SAR BEAE b S HE L
ST i S 18] 4 HE R
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