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FERARE SR RIESHAE 1R H IR R ERCR
BER KRB ATE, i8R AEE AW BEXF

(1. RPN TR EBE, AR 3500025 2. PHZ2H T RA/RFIKE AT, P52 710048)

G OZE: A IR B HE SN TR AR R R B S K BN R R, LRI AT L
BRINPARRFAE, P TR BRE GO0 R ELE R LI 50 20 IR 23 M7 o 9 77 4 vl i T R B AR A (A TR o Y ) L33 26 20
AT R M S TR, I TR R /AT A A4 (400~1 000 nm) RIHKIEIT LA (960~1 693 nm) HiR, K
EAFEE K S IR PP i X IR AR R 456 /MBS HIERLE (external parameter orthogonalization, EPO),
BEEAR R AR BOGIE I IR S KETIE S SIIAETAFREBBUPIRMIREEFXSPTMZE (deep convolutional
generative adversarial networks, DCGAN), BHATFEAN 5 R EWL; % = EREMAENE R —4EHmE M %
RNet, fx#HEHT EPO-DCGAN-RNet LAY, FHT-#5 H 3 Eh 7y i St . SR RW], SALGINLER 2 ) Tk AR
T VGG B EfficientNet £5#) —4E B AL ML AIEL, % 0F 7o 52 H ) EPO-DCGAN-RNet 752 e 6 A Rt g KR K 7 %) .70
SO SR SRR AR B A2 IR Re 70 BRAIR B 5 o) BV R AR B ) it . 9 B 43 3 B0 A0 IR R Tl 44 e«
EPO-DCGAN-RNet [fJ 4 R* FII 75 AR % 2 70 5 0,942, 115.420 uS/em, IiE4E R® A J7 R A% 24 514 0.910 Al
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B OGS R IEBOR e A R & 43 358 20 1 SRS FE . AR
Z B IE 4 5% (external parameter orthogonalisation,
EPO) fE NGRS IEJ5iE, 1ETH b LK 2 52 mi 1)
Wb A B R R R B, koS R EPO K
IEEVEEE AR ENL, SCBL TR LA PR AR e T
Mo PRl e i 3 i w1 £ o I s 7T
NN, EPO 45 & f f /N — 3% (partial least squares
regression after EPO pre-processing, EPO-PLSR) AJ{E >+
B RERE R H R B e 2 — . SRTAT, EPO KZIEJ7VE
HAMEUBREARTE. ZREERRIR, £ REAR
Y5 ARSI AR ) R 03 S, e R A S R
P 98T VE B

AR, TRBES 2] BN T B T & i
5 ARG I, o — 45 B A M4 Cone-
dimensional convolutional neural network, ID-CNN) %5 &
eI A, AR £ i AR PO S A
BRI B O P e RE . SR, TRFE SR SRR
TSR REEALE,  FEAREE i v &% I 5 A I B
PERR, UL INEASE W R I RE TS ) 1) 77 2ok 42
TR B 2 )RS (1) B, S L B TR A 2R PR A e
FETIRFE 2 BRI AE i 4 (generative adversarial
networks, GAN) P AE Sy —Fl Ak sl AR AL, 76 R AR 4 3
RORRGERL e M 25 T B R R AP, g /by
FH GAN B E 4w 7 2 AWLEE 5 SRR H 35 &
B AR A HUBT BN P RS 3L GAN-BPNN ) Tt
MRS R th 0.692 $27H#] T 0.868. SANDFORT %5 |
H CycleGAN X} &7 UG HHE BEAT 15, WFRE 175
FUPZE I 4% U-Net 7E/0FUT 5 IZAEE T1. 28 R TG00
) IR FE 45 B T 2% (deep convolutional generative
adversarial networks, DCGAN) P75} $7 5 5t 1 B¢ A 3 4T
P78, K CNN LR (1) F50I0 7 s 26 HH 81.85% #& F+ 2] 1
98.52%, TAN 2581 Fi| i DCGAN 4 1 0 55 JI (1 55 )6 1%
Bl AR SRR BN (random forest,
RF) #5417 UG 2 JIUAR 245 5% A ar ) v PR A 2240 ) 48 v
13.13%, 11.25% 1 7.5%. 3T GAN FJ¥EG =R, #E
RO T /INFEAREA S BR THZ AL RE 1, DGRV EAS D
3y B SRR A — E T

N Y SN FH 338 4 1) v RRORG v S, AR SCIEC
A DL/ % T 204 (400~ 1 000 nm) A K i T 41 Ab
(960~1 693 nm) BB OEIEACET, KA LIEFEA K
JeiGEHE, U EPO R IE 387K 43 X G 1EE B 1 s2
51 H] DCGAN #EATREAE™, FF45& 1D-CNN BEAT R
WGk, B BA GBS T SV 5 3h 4 Pk
R SO AR AL, DU D Sk B Ak - S pi AR R 1) A
W, LA RAHES K IEECT AR 2 B A AL B AR IS 5 1
&

1 MR5RE

1.1 IERAHE
THEREAT 2022 4 3 ABE B F A S HA
INEE/RENTH R AL L, 35 IE H A B R BBtk i (41°50"

N, 86°18'E) (K 1), HEVHE N 0~40 cm, T IEZS
Ly KR SRR 5 P2 7.48% 51.19% Fl 41.33%,
A5 ] B 1) - 398 5 B oy 26 E O R RD R 1 IR B R FR
FILE T T4 3 000 m® IEFHEHIAT 4 000 m® £hEHALREH,
B AT ECE A 113 #1115, BURESTAZ ARG 419 5 m,
JERET 228 (AR E M A, BT Sk H -+
HRAFAE — 2 MM TR B V5 G, Dy diE G B IS 4 3 05 £ L5 1)
R, SR 24 H (0.7 mm) 57 SRR AR R K
SRR, A 30 H (0.6 mm) R 3RAAHRAE 0.6 mm
PLUR A 22 3 B0k, o 228 433 07 e (10 - e et T
Jei, B EREEL 10 g BEAR DL A /KEL 1:5 il B 3803 327,
1 FH 2 36 P AR IEF) TDS307 HL S R AL (HL S R HF R
0.001 pS/ecm, RFEHHEHR 0.1 C) MEHHFRIRBAH
$K (BCy)» EANLER MRS E. N THEAR
GBS RN IEREA, HENRET L0
B 2~3 4y (2150 g) AT ANFEIRE R K AL EE b B s
) IR A S KR IX AN 0~24%), iR % & T H
12 100 mm HEAE AR S EE 8 h, &/5ILIR1T 467 iy
ANE KR B B () IR

plz, 2 :0 i L2
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Note: Black dots indicate sampling points.

B1 KEEAANSIETER
Fig.1 Schematic of UAV aerial images of fields

1.2 HIEMEARNIERE

- 358 ) AT DL/ I T AT A R B T A 6 4 ) R
ASD HandHeld 2 OGN 380~1 075 nm, #F%E K
1 nm, Malvern Panalytical, % [E ) FI SW2520-050-
NIRA C&RETEEI A 900~1 700 nm, 73 #F A 15 nm, &
ok, HEEGE) RE. NTHR 2 &6 RR R
LEFEARMFE —ANE, FH Y 2DL4 (SIH400 Y6+,
EBOLTREAERAR, HED E e R8I
PRk (AR 2 900K) 12 &6, B ACAR1E M LR
T R WG 204 (400~1 000 nm) AT 38 T 41 4h
(960~1 693 nm) Y ELIIERE(S H, SRUE KA 98 10 1
WEEFER, Bk, FLBEITERR PR, R
3 400~ 1 693 nm 17 3% T J5 2235088 o b, OB B ©
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EHESE S

eV BARGE G oK 7 BEIE S FEASIE ) (A FH 398 2 73 v S st 181

PHEE” W71 DL SCHR [29].

ASD HandHeld 2 1 SW2520-050-NIRA [/ FH 43 it [a]
S E 50 A1 420 ms, “PIEFIREY N 15, WIGHET, Ot
PRI 15 min, HUREAS TIEFEAR T 3 ANASFIANL B S5
PP SMENE ZFE AR TR . FEARIE 1S S 5T 2 f =
(D) HHEER).

R= (Ioriginal - Idark)/(lwhite - Idark) ( 1 )
ﬁqujﬂTiEEEg%ijE%&ﬁj-%’ %; Idarky\jﬂg‘ Eﬁ?}ﬁ; Ioriginal
NFERJRIE VG Lonie NS HWRIGIE .

1.3 NIEHIERIELIE

EPO £ T o o M i) JE il b, 48 546 6 il Kk 4% 5
B 5B TR R EARZ R E, RS DB R R
ARHBAT AT IR, R T AR AR R e i A 2k DY,
W, KRR, JEEACRERINEIE X AT R IR N

X=XP+XQ+r (2
Ao PAYXT 3L A G BBGEHRE, QRN THLA
7 (ISR PERE, rNTURIERE, ZIEAT.
EPO Kf#PHIZZIRINT
B, FEARREG/KET LERZE T IEH: D:
D=X,-X, (3
KNP X, N T IRTEAF G KR TRERE, Xo N TR 3R
Heutk, F—2, HE DT ZMRE, R TAERE S
fife, Bl
SVD(D'D) = USV" (4)

A & A BEVRI AT g% CEP SN BPO 4 ¥ 8% = 1%
), BEFPA R REEY, S8 eniEFERZBSH
B i 2y AR RS2, wlE e ik € g . EPO 4EFE %
1B g 1935 72 LASH B Hh AT g AN AT S 1 BT IA B S AR 1
99% NFrE. FHHE (HES/KE) HIHEMEMREQR]
E V|

Q=Vvyv,' &))
P=1-0Q 6)
X' =XpP P

KPR AR, Bk AR E B 1) H I 4660k X
BB E P, HIAIERAG 7K 5 5200 1063 X
1.4 KERMFRERTE
P HUH 5 Z5 100 (S100) . 300 (S300) Al 500
pS/em (85000 [ 3 AN EEFEAAE N EPO Sk K i+
[ PIIREAEA, FELLRENIMIE R . ERIEFRAER,
] 56 4% 4 B AR M A A R WG A . T & 1) 25 B 1 KR
B A KR, IR EEFE S h LB KL
BRI, HEEBT 0. 3%. 9%, 13% A1 21% 3L 5
AN B IR B B AR T AAR A
1.5 HAE 5K
NTRATREIRAR 2 FEVE BRI A LR, ARG
W2 it A R, G0N AR RO T I AR R, SR R
FE B A B BN 4% (DCGAN)D $#FEA . DCGAN 7E

8 G5 42 BN LI 4 B A R AR 2 5N B AR R A )
A, RS A SO R PR O 25 (A Ok R RS e . AH
BT WL R 2 M 25 1) 1521, DCGAN I8 13 51 B Fr A it
12Kl B Bk, HEBNEREFEA#E—
JZ (batch normalization) PLIRTFEIESHEME. 4 NS
o, DCGAN & it % B B 2 X FRAE AT LR, Af
134 A RE 8 R T A B o R AR . AR O B AR
o, R AR RS AR R DGR S SRR LR G S,
EH 0 90 2% 34T BCABCHI BT, e e sk ) D &4 SR T H SR 40 2K R B
(0 8 FxN (9)), FARYE B2 oh Hdh 47 I 1) 4% #
TEOHE AR A A IS E. N T BRI P IEAR S
FE, FRZE SRR 8" SRR, fEE
FEARFIMAEARFNR AP IREE T 25% MR, Rk
HLEL 25% B9 EAEAPR 1 BN BAEA, FEHLE 25% 1)
AR A PR B BN AR

Gue== Y (DG(E)  ®
D= 3" 18(D(¢)+12(1-D(G())  ®

@) MK (9 737l NAEMEEHHUR KA (Giow)
FI 0 25 BB R PR BT (Dioss), He 2 NS, XA
BN ESEREA, G A D 4) BIARGR A il R0 ) 2% -

FHT, s — 2k % HE 1 AE Joxt Bt 9 2% 1) BIF 7T 1
b, BN DCGAN #EAT — & LA RS L o A SR
5 A 7] 1 2 AR A R AN B R /N LSCR AR KT T 3
A K28, 439N Generator A (GA). Generator B (GB)
F1 Generator C (GC), & 2 fizn. GA KA ERM BT
B, BRKN 3, BilEH 2, T GB A GC M7
K P e AVBSLAIC I 5 1) 25 P M S 0l 4 v e id
BEATL R bR B BAE AT AL B, RGN 0.5, BRSHL
5 A4 B 28 0 BRSO BROEUfE A Leaky ReLU, it #%
FN 0.2, fa G BUZ AR #h & ook 45 R i i &
Sigmoid E&%] .

2 k3
304 572, /F3648 s=2, k=3

512 M=) B =) = I )1
256 128- 64

1296

a. GA
9
o T
§=3, k=
27 81 s=4, k:9324 s=4, k=9
2304 e W= [ =) IS
7688 256 64

1296

b. GB

324 =1, k=3 s=1, k=3
324 304572, k=3 o4 572,k=3 1 296
512 =) B =) [l =) e—)]
256 128 64
c.GC

He s AEPBK; ENFEEBBRZIN (kxk). TTHAREEE, M
J e O BB 23 3 REAZ B BB KN, R Rl

Note: s is convolution step size; k is size of transposed convolution kernel (AXk).
Cube represents data, and the value on the upper and left sides of the cube
represent the data size at that stage, same below.

B2 ARIERR AR T @A AR KPR HERE A BfC
Fig.2 Generators A (GA), B (GB), and C (GC) designed according
to different convolution strides and convolution kernel sizes
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AN TR AR B AR RN ) i 28 7 AR 1) AR RRRE A S FID
(fréchet inception distance) U 154 4T 4 Bl F P-4 -
FH#LT 1S Cinception score) P, FID 154> % f& 7 E Lkt
A BTG SCRFAE, (RIS E A S 1 A 52 R0 2% T 16 40 W B B
Fe bk, DR B A HL A R T R M — 4 R
K FID 1570 J7ERS . S K9 1296 1) — 48t i 4
P HEHI 2 36x36 B —4EF 1, 7R e 1t 4 8 R
36x36 M) 4k i FRFES 299%299 P, fEiHIEYE
JiE BEAT S MR 299%299%3 1) U BE, Hik £ A IF M
InceptionNet-V3P*1 75 Il £5 455 74 3k 47 5 AE SR B, B Js K
InceptionNet-V3 [P A JZ1E N RE R 2 048 [FIRFEH
FID 5 2 N2 st Mo Aii 2 18 1 Fréchet #7304, Hop
BEAS G AT (RSB AE AT 77 2 43 I AR 4 S0 S 0HR A0 A R o
MRFAEE T, FID 19508/, SRAE AR BORE A ot 28T,
T H S EE M A, FIDA 2 () HH AR
§ (6x) = It~ e+ THE A4S, ~2EE07)  (10)

T Al e 53 3R B SERE AR FAE e AR R RFIEIE, 2,
FZ, 53 5l g B SR AR R0 AR R0 RE AR A8 B 1 7 22
Tr() AHPERIE .
1.6 ROERBMERITM

FH Kennard-Stone (KS) H k£ EPO i IF 5 1)
JEIEXrh, dR R 31 R EL R AR AR AN T AR, AEAC
B 0 311 A 1560 ASHIE 7 53 1) 4 Je 2 1Ak A5 78 Al f
/N R (partial least squares regression, PLSR) 13k

1x1 293

16x647
32x324
128%81 1x81

ISt

L Y J\ Y J

Block 1x 3

Block 2x 1

LR MR BEALARAR Y, DL PR AN [ 45 4 (1 25 A M 22 Y
AT X L0 BT . PLSR s2 & ML ZR AR 7 7k, A
T ERG TR AR G, REfR LA AR B Z AN 2
FHAHSCHYEM ) R, EHOHE B/ O AR A LR 4 2
B RGP . RF BECRA H B (bootstrap)
HRFERR, SINBEVURFEESRE, AR A 2R A
N R E L FENLHI & SRR E G I 2k 8, IR
IEAE g ke BRSNS ,  RENS A U B S (R 7S P AR
R S UL & f) 1) B, 6 22 o SR 4tk i) B s AN URE, X
i R AR AN RSP T  B i SR I S AR P TN RE . B
BT AR RS A 3 FRASIRIZE F [ 1D-CNN,
SMB#ET VGG. ResNet A EfficientNet [¥) 3 F W 4% i3t
7%, 184 VNet. RNet fl ENet. T VGG F M
YL VNet 255 T RS e i, BRI K
N4, BE 6 NERIRE, JFERSAFHMAE S5
AN—AHHIH 0.3 BENLRIEE  (dropout layer) Bij b it
& . ENet K H Swish BUiE k£, 5IA T BkRERES
SE (squeeze and excitation) %= JJHLHI, HANHEH AL
SCILE IR SRR L, 38 R XTI U7 ) b B B REAE
FPIREIPT, RNet 1 3 25K 2 MR M A, 45 MU AR 4L
T ENet BOAKE ], MAIARE D (K 3 i) . &
T BT R SR W E R B (RD 5B RR % (root
mean square error, RMSE) #HTPFr, R’ 1 RMSE fI{# 45>
AIFREEIT 1A 0, BEWINEREE B, A e AT .

1x1293
Convolutional Layer
LR
16x324 . Normalization
32¢162 g4xgy  1x81 A—1
Activation Layer
@ | it
1x1 .
Pooling
o N
Block 3x 1 Block 4x2 Fully Connected Layer

LEEER

a. Enet(Z M) RIRNet(47 1) ) 45 44 7 5 1
a. Structural schematic diagram of ENet(left)andRNet(right)

|
| Global k: 1x1 Swish k: 1x3Sigmoid,
| average g :] si1

L _ SEattention mechanism

b. Block 1114514
b. The structure of block 1

s: 1

Relu  Max
pooling
Relu & 1x3 512

k: 1x3
s: 1 sl

c. Block 314514
c. The structure of block 3

k: 13
512

Stem 1
k:1x1 Swish k:1x3
sl sl
d. Block 21 £5 4 2 B
d. The structure of block 2
K3

ki1x3 Relu  f:1x3
512 s:1
e. Block 414547~ =

e. The structure of block 4

MLARR AT A

Fig.3 Schematic diagram of network model structure
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2 ZER59Mh

K8 H T IRB S RN GIHFE

RIG A H - SR G R E R 1 iR, FEA
EHEMHESRTHEN 177.8~1 920 uS/cm, ¥JEH N
962.1 uS/em, A5 57 RBUN 47.6%, HohE ik H 5 IE
i FH B R AR R L 5 B AT 53 700 4 1 408.6
H1354.6 uS/em, LIEHRFEAFRERME R, NET
Fl—EAD G, XSRS W fIaminm . &
TR ) A [ R A PR 15 L TR R L B 4 3 A R s R
ek, VEEWR K ()5 £ B 5 HEAK SRS (0 AN [ 9 2 e [R) — X3,
AN 3 G A b R R 2 Y, e
BRI R 22— BRI T AR A 4 N
1019.1 f1 848.4 uS/em, 7227 RHECH 43.8% F1 54.3%. %
I AR A 5] AR BAE RIS 9-0.19, I
B AT. BN ~-0.34, HlEH0Am 2L,
ML 0.12, LI AWMSS fi. 8. @i
FERIGAESE I FE 43 7 A 1,71, 1.90 F1 1.55, ¥/NT 3,
YR HIARAE . tb4h, TEFEARSE T LHOKSBES
o IR B R FEL S AR ) B R A OC R HCH 0.143 , PRE
MAHRIESS, BAKEMEREBNEH.

2.2 HIEEKENTIENERFHRAFM

da fon T HIEH TN 303 uS/em AR H A IERE

2.1

% 7K # Moisture content/%

60

50

40

30 p

i R 5
Spectral reflectance/%

20

1 400

900

% Wavelength/nm
a. JRAR
a. Raw data

VE: EPO L IE KR AARFESE (S100+S300+S500), E KA 7.

T

A, SAAFEG KR L EOEE R FR. 8
XA (400~1 693 nm), BEZE T35 KR8,
ME KA T LIEFTRE R AN B K B OK R, T
Sl R R RIS, ST A S R,
X B TR 1 UL R (O T S B O, B e
T HEIK o X} Er oy KOOGS RS, A BRSO LRk i
IS KERE R, WA BT e rsi A, wnla 4b
Fin, 4 BPO KZIEJG, A& /KER BRI iz
B f 2 S LT B, T80 BuREEN AL . U
B RIS B4 EPO RLIEJG, BRWEA A0 R L
IR BB T IR (S 2
1 REITIEBRSENGITHIE

Table 1 Statistical characteristics of soil electrical conductivity of
cotton field
Gy A4 e IFEE
=Y
1645 Indexes Total Model Validation dataset
FEAZL Sample size 467 311 156
Fe/ME Minimum/(uS-em ™) 177.8 177.8 193.6
e KME Maximum/(uS-cm ™) 921) 0 1 920.0 1 670.0
HIMH Mean/(uS-cm ™) 962.1 1019.1 848.4
PriE % Standard
deviation/(uScm*') 457.8 446.4 460.5
A5 5 Z ¥ Coefficient of
variation/% 47.6 43.8 54.3
W& Skewness -0.19 -0.34 0.12
I [ Kurtosis 1.71 1.90 1.55
Ak & i
0.03 - & 7K % Moisture content/%
B | J—— 9
002 ——-3 —0
5 o001
g
= 0
3
& —0.01
-0.02 |
-0.03 L .
400 900 1 400

%K Wavelength/nm

b. EPORZ IE J5 i H4i
b. Spectrum data after EPO

Note: The EPO was performed using a mixed sample set (S100+S300+S500) with a principal component of 7.
B4 H3Ed-FFE A 303 uS-om ' B RE A RE LIE 04 kk &

Fig.4 Spectral curves of soils with different moisture with soil electrical conductivity of 303 uS-cm '

2.3 EPO BiARIERIERIIREI M REXTEL 47

XTHG T EPO AR IERT IS 6 TS (400~1 693 nm),
BN AN [E R e SR T RE RS, HL R PLSR
(1932 5o 1o 155 RF AR SRR B RR BRI f kb oy 2%
JEPERIAN R 30 A1 505 B A M it fE
22150 0.008, f/MIEIKCN 64, RIS 200,
AL A K Adam. MR 1% £ 77 505 K/ o5 SR 99%
PLEREN], RANEAREE (S100+S300+S500) #4T EPO
WIE, HERSEN T JaEREH N EZSH) . B
T ZE R 2 Fios, ST AR LIS KE LT
M HIER SR, 4 EPO K IE 5 Mt itk B @ S i AL,
R BRI IEME R, HARZR AR (0 T 4 G AR

LR MER . EPO-RNet HI T SR e, TiIAE ) RMSE
H R 4 5 9 186.291 uS/cm 1 0.844, # EPO-PLSR 4
FIFEAR T 14.4% A3 T 11.5%, AHETAH RNet 551
FEAR T 8.9% MR T 11.1%. XFEE 2 NARFEZERI 1D-
CNN #E 7 (VNet Al ENet), RNet 44 & EPO % 1F 5 i3
AT AE B R S8 (33.7x10%) T SZHL B 4 1 T &%
R, VNet FIZEERIEZE, 1 E-net S8 454 EPO 51k
Ja L TR E A A A, f 4 EPO-RNet (11557
K FEXT LL P I ORI . 458K W], EPO-RNet #
VRAE A FH R K R AR TE B ko3 DR s 3 R B A L 1)
TR ERE, FIFH 1D-CNN St — 455080 7 i % F i/ 28
B EME G, BT RS HE AR,
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F*2 KM EPO RIERTEREE T BESEEE R
Table 2 Performance of electrical conductivity models trained on spectra with and without EPO adjustment
. . AR IOUFE
s 2’%%{.5 3 Model establishment Validation dataset
Models Parameter size/(x10”) = > — >
RMSE/(uS-cm ) R RMSE/(uS-cm ) R
BEHLARA (RF) Random forest - 243.402 0.696 254.416 0.679
EPO-RF - 211.839 0.761 231.787 0.727
e/ —TeiE (PLSR)
Partial least squares regression - 232.877 0.734 241115 0.695
EPO-PLSR - 222.415 0.743 217.728 0.757
BT VGG Wil i —4E4 &M 4% (VNet)
ID-CNN based on VGG 350.1 118.984 0.937 232.126 0.721
EPO-VNet 350.1 148.659 0.897 213.920 0.762
%:F EfficientNet it —4EIZE N4 (ENet)
1D-CNN based on EfficientNet 170.4 135.823 0.910 221.355 0.741
EPO-ENet 170.4 107.988 0.946 207.507 0.785
T ResNet Wit I—4EM & M 4% (RNet)
ID-CNN based on ResNet 33.7 152.304 0.872 227.451 0.758
EPO-RNet 33.7 127.136 0.930 186.291 0.844

¥: RMSE AR ZE
Note: RMSE is root mean square error

2 6] LU A AR TE AR A B FH A [5) 5 B i o6 1 o) £
B RN AE M, Wk 3 s, AT TIHR
A, B3 K AN [A) 5 4 6 3 47 EPO-RNet () @ B .
GERRY], SRAANFERFEERAT A SR AU, Hd EPO
KR EFRFESE (S100+S300+S500) SR ARELIAEFE, %
1EA5 20 3l 1 ad SL AR ) 55 R IR X A A 7 AR RE £
B o SR AT L/ U 3 T A BRI T £ A ) D AT
B (R4), K EPO RIEE, HET A W/AKKIELAM (400~
1693 nm) #37ff) EPO-RNet B8 Tl B R fe £, RMSEP
R R T E T RKIBITLA (966~1693nm) 1)
191.500 uS/cm #10.809, ST W/ AEHAELT A (400-1 000 nm)
f£) 204.304 uS/cm F1 0.847.
*3 RATEFRMEERN EPO BIERIE 400~1 693 nm SEEMA

FAE LAY RNet 3 1% S EATTUN M4 &8
Table 3 Prediction performance of soil electrical conductivity
using RNet with EPO adjusted spectra in the range of 400-1 693 nm
based on different standard sample sets
feg S IOUESE
Model establishment Validation dataset
RMSE/(uS-cm™) R RMSE/(uS-cm™)  R?

AN S

Standard set

S100 0.927 130.068 0.822 191.659
S300 0.913 134.703 0.817 192.133
S500 0.951 103.412 0.836 187.540
$100+S300+S500 0.933 127.138 0.844 186.291

*k4 RRAREHHEEN EPO BERETRIREAIEEAY
RNet 3f 1358 68 SRV TN 14 BE
Table 4 Prediction performance of soil electrical conductivity
using RNet with EPO adjusted spectra in different wavebands based
on mixed standard samples
Z 4 Model establishment ISAIF4E Validation dataset

/BZE& Band/nm

RMSE/(uS-cm™") R RMSE/(uS-cm™") R
400~1 000 0.922 127.972 0.847 204.304
966~1 693 0.913 141.390 0.809 191.500
400~1 693 0.933 127.138 0.844 186.291

2.4 FEARYEIHEE TN M LRI R 53 4T

T A CNN BB sk & 1 i, it — D i iy
T PERE . Az ZE R, SR A Ut 45 47
BE— BB SR . N T ERIEAE B O ReE . R
KS BiEM 2 000 ASFEHLA BOFE A R 311 M T A
P3G FEFIH 3 FhAS [F) 2 000 P A5 FRAE x5 1)

Yrla, 1% 1 R AR i BRE A I N B I 2R e
IR A KR 311 3% 622, BEJS, FIH RNet %t
T REMEHRATY), SRWE S Fin, H4 FID A
GYEESLT 467 N RIAFEAR SRR S 311 AN B AR R A
Balg. Z5RERW, Lk ST EPO KR IE, A Bkt
PIM Y FEFEA JG, BTN A AR 3 T — Tt
A REEARTE — e FEE AL T TSR )2 AL RE ). EPO
KIEJG, RIS GB () FID 85 mAl, T4k
2 GA FVERES GC 730K T 7.9% A113.4%. EPO-DCGAN
(GB)-RNet (& # &y EPO-DCGAN-RNet) #5  7F 16 I £
f¥] RMSE H1 R? 43 %I & 136.472 uS/em F1 0.910. J§ K A]
RERTEM R BB IR FE A R 28 T, X e 1) 46 5 20 18
A BB RNEATEENYT R, AT HRE 48
TS 1 AR AR, B R 1 R B K e ) A AR A% K
NS AR R A R R AR S5 4, A AR s B N A o v it
LG . [FR, AT HE—1i8 DCGAN # i A 1l
W E e P A/E AL, SR SG €3 5 (Savitzky Golay
Filter) fENXFEL, TEHEATREARY 70 0 %5 A v £0dls (1 ~F
Fem bR (SG UM 2 DIk T 240k 4, “Filrmik A
7)o 4 SGPIFAHEJE, A E IR R BT 4%
fi, HIGIUESE R® B 0.844 $EE & 0.877. JoXt e itk H
BHAT SG 15 Fi A Fl DCGAN BEATREAT 15, I o 45 7
T e A PRI R B, TUAER RMSE 5 R® 43N
159.501 A1 0.885, & AANE ¥ b FE Il 5 AE 1l i 455 7L 2R 301
B2, i FID XLk SG “Figai G AR £ x5, i
J& B4R ) FID A 36.50, 5t B~ 5 i B s 49 AE A7 AE —
ERRERERANSE. 48K, FIH DCGAN 4
HAREL SG I b FRAEFEARFIE A% R REE,
(Y R AR REAE A U SR GG R RHAE I T, i 3
TIREAR Z BEVE RN 2R 8RR I T CNN B 0] B8 4 E 5 16
AR ST, EIGFEAEFRIERNBEAE—EM
Rth o MG BRI EAT 8T, DCGANTERE TSR3 40
WOCHESIREAD B2 0F TR AT Rt AR BRI L AR A,
XA SRNE R E R, Tk Pt ok N
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WG EEARRIER Z . B TRERZ LTS,
DCGAN B A7 3 T WA FRAEEAT 46T S & LR BUE 2
BAR A SRR RE 7T, BRI e wT RS A T A 2
HRzACRE ), PR B AR IEIZ IR A2 ST R, RS
U DCGAN fEid DIl ZRsE (CEARRFEA 2) B i
BINGE (MMPFER L) M, R R T
(T e 2SR BT, K SRR A3 R T I ek
W R R B2 IR AFIE, W] LUE R DCGAN F£(%
WA RN, T4 A F B2 B AR, SRR TS 2R 2 R AL Y
BE 1, AT 93/ - HERE A ] % 1) TAF & . B T EPO-
DCGAN-RNet 55 7% [i] 47 B 55092 S 37 ) - 338 52 [ 737 [ A1
T > AT B & 5 o, 25 REERN, 7R 5 BUE A A 1]
SRS BRI EE R S B2 p R IR S A —F
455 KA R ALAR{E RS, EPO-DCGAN-RNet AJ BLiE—
A S A ER o AT R AU 45 B, TR EPO-
DCGAN-RNet /E i H L3 857> (HeiR M S %)
S5 R e R SRS

S5 FEAREI EERN RNet RERT T 1H B SEATUNM R

Table 5 Performance of RNet for predicting soil electrical
conductivity after sample augmentation

s s HE
Ay SH Mf)del Validation dataset
Model Parameter size  FID establishment
of generator RMSE 5 RMSE 5
/(x10°% fwSem™ K jpsem™?y R
EPO-RNet 127.138 0933 186291 0.844
EPO-
DCGAN(GA)- 4706 8512 97.082 0960 153.058 0.861
RNet
EPO-
DCGAN(GB)-  14.042 7835 115420 0942 136472 0910
RNet
EPO-
DCGAN(GC)- 17272 9047 125750 0928 177.272 0.892
RNet
DCGI‘{A‘I\I;L(tGB)' 14042 11725 167.718 0860 20491 0.782
EPO-SG-RNet 3650 127440 0941 166.041 0877
EPO-SG-
DCGAN(GB)-  14.042  70.02 133.589 0922 159.501 0.885
RNet

2.5 TIRESRIVAIEERER R

AT B RN KBRS 1D-CNN AR R T 4= 358 H
SR EEM, P INBCEMU ST (gradient-
Grad CAM) it &

weighted class activation mapping,

RNet 7F Fi 3 T 4E o 5% B AR 2 1R i 341
P&k BoE B TACE B H— B 6 fis, R 46
i (R4 EPOKEIE ), RNet %f 420~ 435, 500~ 530.
645~655 950~980 nm . [ ) [ 5 K vE & I RLE 4
migE (E6a). MHETRIHCHEHE, £ EPO KR IE
J&, RNet X638 v & 71 70 i 15 26 (Bl 6b) &3
DCGAN (GB) HHTHAY )G, 1E451. 502, 534, 998,
1152, 1225, 1474, 1570, 1630 1 1 666 nm 4b Hi 3
TR, AT REARY G HET, RNet 1541 7 M AH X
BRI 400~ 1 000 nm ¥E & /1 BCE A BRI (B 60)
ZE ERE WG . EHBURMB B, oM T 450~
460. 530~540. F1 1 630~1 640 nm F [ 3 % 5 3K
Cl . Na'flCa* &8, 1220~1225nm F11615~1630.
1 665~1 675 nm &t 3 43 5] 5 +- 3 i) CO, Ml SO
BHIOE, EORF RN BS T ABTATEA ) &), 35
B RNet Tl -+ 4 25 45 & 8 2 ZAKH 1. Ca®'. CO,2.
SO, %5 B T HIFAE it o

EC/(uS-em™)
2000

1600

1200

Based on measured dataZ - Sl £ 45
800

400

0

Based on predictive data T~ T £ 4
a. IEH R

a. Normal cotton field

EC/(uS-em™)
2 000

1600
1200
800
400

0

Actual datadit+ S A
b. FhEHLAR H

b. Salinized cotton fields

B5 TRt 8 RAREIBEY LELFESAE
Fig.5 Distribution of soil electrical conductivity based on natural
neighbor interpolation using triangulation

1.0 - Attention weight 1.0 - 1.0 -
425 N 663 502
09} R 09} 09} 9098 |15 0
969 534 1 666
0.8 | 0.8 | 0.8 451 1042
_ ool 969 07l - 07 1225 1570
g 07 50 z 07f L
g 0.6 | 517 'é'; 0.6 | ‘é—, 0.6 F
L L 1488 L
i 0.5 i 0.5 1258 i 0.5
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a. RNet b. EPO-RNet ¢. EPO-DCGAN-RNet

A6 L3 dFREBN P REF AT RERBR A —EEARESH

Fig.6 Normalized attention weight distribution of different methods on different band spectra for soil electrical conductivity prediction
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3 &

ASCIR R A WAEPGE 404N (400~1 000 nm) A
LA (960~1 693 nm) YEREAL, R a8 Hh X A HH
ANFEE KRG & & LR NOEE SR, R AEE R
VRIS KR TIGE RS, SE/FEAMT iy 7
FEARGESEIUB R PO M, [FIBXT b T 2 Rl as 2 2]
BiZY J 1D-CNN it B I PERE R I,  MARATT B B Tl kG
FESRTH I, FFidE— D429 LI 5 2 B BaE FR 4.
SERFR:

1 4 E8 2 # Ik & b KL IE (external parameter
orthogonalization, EPO) A& %47 25 b i B 7K 73 % 25 43 (1 F
P, A HLES S SRR B B 22 ) 48 T LI ARE 7R ) 73
TUAS P19 203 — B 32T, WAL IE #7454 EPO-PLSR,
EPO-RF. EPO-VNet. EPO-ENet 5 EPO-RNet [f 7 iil] %
B $ER, 1D-CNN & JJBE 5 A 5 EPO &K IE |
B3 M, Hd, KA ResNet & F MR M/ b S HE %
TF#) 1D-CNN (RNet) Zx&RILE A, Higrh B
FA] R ARG R i AR S

2) B AR I m R R, & IR S
X B A BRI 2% 136 B0 e AN U K B B T3R8 AR
JRI A BRFEAS . JE T8 K GRS IR A G BUZ KN 1)
2% B (Generator B) , M4 T4 A% A fIA 2% C
TEAE L4 SRR AR £ P 3R A9 AR 5 1) FID 34>, H FID
R85 GA F1 GC 73 Bl F#AK T 7.9% M 13.4%. 45 GIREE
B A B X Bt M (deep convolutional generative
adversarial networks, DCGAN) 3% F 5% Z #ih 28 W 45 1% i}
(1) EPO-DCGAN-RNet #5284, M T 75 Il R FE A A7 AE — 8
FREI AR T, 3 — D3R M A 3 26 & T ) A
ENERIRSJE

3) EPO-DCGAN (GB) -RNet 7£ 3 iF 4 [ 35 77 HR 1%
ZER R* 5359 136.472 pS/em 1 0.910, 48T1# /1 SG U
I B E 1) EPO-SG-RNet A K H FE A5 34 1) EPO-RNet
SRR, [AIS 1D-CNN 454 Grad CAM 5 B T4 I 135
TRV S R R B K A, oy R
HE TR R S .
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Inversing soil salinity in cotton fields using spectroscopy sample
augmentation and moisture correction

LI Jiayi', ZHANG Yiteng!, ZHOU Baochuang!, WENG Haiyong®, ZHOU Beibei?, YE Dapeng!, QU Fangfang'*

(1. School of Mechanical and Electrical Engineering, Fujian A & F University, Fuzhou 350002, China; 2. School of Water Resources and
Hydropower, Xi'an University of Technology, Xi'an 710048, China)

Abstract: Rapidly inverting soil salinity is crucial to the soil water and salt migration for the prevention of the secondary
salinization. However, the accuracy and efficiency of soil salinity inversion models are hindered to the coupling relationship
between water and salt in soil, particularly for time-consuming and labor-intensive soil collection. This study aims to reduce the
interference of soil moisture for obtaining better sample diversity and further improving the robustness of soil salinitu inversion
models by using spectral technology. A total of 113 normal and 115 saline soil samples were collected in the Xinjiang cotton
fields. These samples were further subjected to different levels of wetting treatment. and subsequently 467 soil samples with
varing salt and moisture contents were obtained. Soil salt content was calibrated using the conductivity of soil leaching
solution. Spectral data of samples was captured using an ASD ground object spectrometer (400-1000 nm) and a near-infrared
spectrometer (960-1693 nm). The soil moisture was also corrected using the external parameter orthogonalization (EPO).
Additionally, deep convolutional generative adversarial networks (DCGAN) with different transposed convolution stride
strategies were designed to evaluate the sample set using Fréchet Inception Distance (FID) scores. Machine learning models
were employed to invert the soil salinity, including partial least squares regression (PLSR), random forest (RF), and one-
dimensional convolutional neural network (1D-CNN) models using VGG (VNet), EfficientNet (ENet), and ResNet (RNet)
architectures. The results demonstrated that the EPO can effectively reduce the interference of moisture on the salinity,
indicating the better prediction performance of different models. RNet out performed PLSR, RF, VNet, Enet, RNet, and
exhibited the best performance to predict the soil salinity in cotton fields. The lightweight residual neural network without
attention mechanism was more suitable for one-dimensional hyperspectral data. There was an increase in the convolution stride
and kernel length of the deep convolutional adversarial generative network. The better samples were obtained for the
hyperspectral data with long sequences. The superior FID scores were achieved in the generated augmented sample set using
Generator B (designed with the larger convolution stride and kernel size), compared with the rest. Specifically, the FID scores
were reduced by 7.9% and 13.4%, respectively, compared with GA and GC. The weight distribution of attention was optimized
after expanding the training set by DCGAN. The stability and accuracy of the model were further enhanced to predict the soil
salinity under certain constraints on training samples. The EPO-DCGAN(GB)-RNet (called EPO-DCGAN-RNet) model was
achieved in the superior RMSEP and R2 values of 136.472 uS/cm and 0.910, respectively, on the validation set, compared with
the EPO-SG-RNet (using SG filtering denoising) and EPO-RNet (without sample augmentation). Furthermore, 1D-CNN with
Grad CAM was employed to identify the characteristic bands of soil conductivity in the soil leaching solution of cotton field. In
summary, an accurate inversion model EPO-DCGAN-RNet was constructed for inversing soil salinity in the cotton fields using
spectral technology. Water correction and sample augmentation were incorporated for the soil salt composition. The improved
model has the promising potential to the salt-tolerant cotton varieties and irrigation strategies using slightly salty water in cotton
fields.

Keywords: soils; salinity; spectroscopy; moisture correction; sample augmentation; external parameter orthogonalization; deep
convolutional adversarial networks
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