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Abstract: [ Objective ] Soil salinization is one of the main types of land degradation, which seriously inhibits the improvement

of soil quality and the growth and grain yield of crops. Reclamation of coastal land is increasingly being used as a means of
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raising agricultural productivity and improving food security in China. Determining the importance of potential influencing
factors of soil salinization parameters and thus predicting their concentrations are important for formulating targeted control
measures to improve soil quality and crop yield in tidal flat reclamation areas. [ Method ] In this study, six treatments including
control (CK), organic manure (OM), polyacrylamide plus organic manure (PAM+OM), straw mulching plus organic manure
(SM+0OM), buried straw plus organic manure (BS+OM), and bio-organic manure plus organic manure (BM+OM) were applied to
explore the effect of different reclamation treatments on different soil parameters. The effect of all treatments on soil salt content
(SSC), pH, sodium adsorption ratio (SAR), and exchange sodium percentage (ESP) was analyzed and the main factors affecting
the degree of soil salinization were identified. Thereafter, the multi-linear regression model (MLR), BP artificial neural network
model (BP-ANN), and random forest model (RF) were conducted to predict the soil salinization parameters (SSC, pH, SAR, and
ESP)using covariates, such as air temperature, precipitation, evaporation, wind speed, soil water content, soil temperature, and
soil bulk density. [ Result ] The results indicated that the concentration of SSC, SAR, and ESP gradually increased, while the pH
gradually decreased during the oat growing stage. All reclamation treatments effectively reduced the level of surface soil
salinization. Among them, SM+OM treatment had the best inhibition effect on SSC, whereas BM+OM treatment had the best
inhibition effect on soil pH, SAR and ESP. Besides, both meteorological parameters and soil properties had a significant impact
on the level of surface soil salinization during the amelioration of coastal saline-alkali land. Additionally, the RF model performed
much better than BP-ANN and MLR as it revealed a much higher coefficient of determination (R*) and Nash-Sutcliffe efficiency
(NSE), and lower root mean square error (RMSE) than BP-ANN and MLR model. [ Conclusion ] The above results indicate that
the reclamation treatments can effectively inhibit soil evaporation, improve soil structure, increase soil water holding capacity,
and thus reduce the salinization level of surface soil. Our results also suggest that the RF model is a more powerful modeling
approach in predicting soil salinization dynamics of coastal saline-alkali land due to its advantages in handling the nonlinear and
hierarchical relationships between soil salinization parameters and covariates, and insensitivity to overfitting and the presence of
noise in the data. Thus, our findings could provide a reference for predicting the soil salinization parameters in areas with similar
environmental conditions.

Key words: Soil salinization parameter; Coastal saline soil; Dynamic prediction; Random forest model; BP- artificial neural

network model
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o WM S, AR BB K R 2 47 3R
ZR510 1 029 mm Al 15.0°C; M F/KEE N 1.2~
1.8 m. RIR X T 2008 4-[B B, FEHTIKIRM;
SR R T IR B AR AT AR DO, B TR R
IRIG X A b pHL BN L AN B AL 4 S 7E
6.5~15.0 gkg'. 8.06~8.68. 13.29~38.76 FlI
15.44%~35.85% 2 0], JRE M. o Rl
AL E 18 AW, AR EA A 6 m( 3 mx2m),
B EEA H B U R 2 A (58 30 em, ¥R 60 cm ),
V5 L2 S Al B L P9 - Y S L L P L i)
(7K ER A2 e . K5 B - EBIFE S 20 em, AU

WEZ L AR Y] . g vt 7R A B
(CK). WHEAHIE (OM ). F N MBI +H HLAE
(PAM+OM ), FEFEZ AL (SM+OM ), FEH:
M+ 47 HLAE ( BS+OM ) A 9 i AR+ AL AR
(BM+OM ) 6 Fab#i =, B 3 RER, M
BUXHHES] (R 1), M4 T 2016 4F 11 H 3 HIF 4R
BN, Ay EEEEEM . MELL 60 cm TTHEHET
54, FEAER 90 kg-hm 25 FEFEEIL T (2017
£ 2 A ) LA 180 kg-hm > i & it FHIR 25, LEBHIN
ANFFHEATHEK, HALE B G S Yk —3, =
2017 4F 6 H 2 HYksk.

F1 RERITMEKER

Table 1 Experimental design and specific measures

AbFRFE it Treatment A5t Specific measures
cK" XFREAL B, TCATAT RS it
oM?’ TE 0~20 em WE G ZEA UL, &N 15 thm™
PAM+OM’’ LEAME PAM G5B A A UL, o PAM g5 M B R ER F 800 &, HEN 2 thm?; ¥
M 20 em YRR, IR 15 thm?
SM+OM*’ TE 0~20 cm WREHEAAGZEAHUC, RN 15 chm?; AR5/ EREFFEIY 10 om BB, DL 1S vhm” (&
FihF
BS+OM"’ Ko/ NERSFFDT A 10 om BB, DL 15 thm (Y B 20 om R, SRJ5#E 0~20 om VR X254 HLAE
FHHE R 15 thm 2
BM+OM®’ E AR BT RAGZEA AT, Hoh s Yt & YA E 0242458, AHUR=45%, ARG
(N+P+K ) =12%; —HPEIHEH T 20 cm PR, HlHH 15 thm™

1) Control: X%, 2) Organic manure: fFHLAE, 3 ) Polyacrylamide plus organic manure: PGB+ HLAE, 4) Straw mulching
plus organic manure: FEFFEE+A VUL, 5) Buried straw plus organic manure: F5FFEME+A ML, 6) Bio-organic manure plus organic

manure: A5 YR IE A HLIE

1.2 HmRESHH

R X R R &, RAEE . Kaf . Bk
SR/ RN, RN KL SR
FIEGE 1 Frn s RHEWR R g AL AR
(NHI133T, "HREEERHE AR ) W, b FHHZ8
%, 030 dREXRZELHE (0~10 ecm ). A+
HERE AR LN BEPLRSE 3 K, BANMHEET
WA FERE RS, 112 4, HIEES KRR AT
T, BRI IIENE ; R
PHE F 22 e i . pH PR e 88 H AR KT I ad
2 mm G JE . Hod, +3E pH @& 1: 25 +
KR IR, Bl PHS-3C &I pH iHll5%E ; HCO; |
CO3 FIARMERR R LM 5 5 Cl AR RS BR 4R

EPEMSE; Mg™ . Ca*". SO; i EDTA 454 e vk
e s Na™ KT JCHECEEED E s & 8
KEFUWEZ M AR Ao R O R AR
ey B2 B E e ( Sodium adsorption ratio,
SAR ) Fl##fk £ ( Exchange sodium percentage, ESP)
LN = /NG W ] 7 L

.
SAR = — Na (1)
\/Z(Ca2+ +Mg2+)
P +
ESP=— PN a0y, (2)
FH B2t
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Fig.1 Characteristics of meteorological parameters during the period of the experiment
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2 SAR. T3 ESP); x; (i=1, 2, 3, -, n) N}

FArar (CRAIREE . BIESKE . BgREE. LH
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a NEME; b, Ci=1, 2, 3, -, n) NENFREG
Rl 5% 2

1.3.2  BP #f 48 M %% £ 1Y BP #ft £ W 2%
( BP-Artificial Neural Network, BP-ANN ) J&—Fill
HRMT A REE B A, 4D
ZeM I IR 7R HE ST AR b B AR 23] BP i 22
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w, S ihe . 498 pH. 1% SAR. -3 ESP
Sy 0 RO AR WAL S BN AS . T B
GRAESITAREAR BN [-1, 1) TR, ARififl

X

max — %

min

b, xp MR UHEALSE B B s xpmin Fl Xpmax HAR
HEAL IS A8 i i e/ ME R KAE, 40 h—1 A 15 x
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%7 (tanh ), H tanh (x ) =[exp (x)—exp (—x) ]/ [exp
(x) +exp (—x) ], it EPhE o015 18 ek BOR I E 55
PREL, DAL R A DUt AR )L ( TRAINBR ),
R FFRBR2E K 0.001120, DL $7 5532 2 16 i 265 109 245
Ykt b, 78 FL 5 22 PR sR BRIl E 51 AT
PERE PRELHAE IE PRER . 8 3 S B TR B 3 SR R 20T
MRS, BT e M AN RE 7 2 13 ¢
701 R3EE LA 1 pH, 1% SAR ., 1% ESP ),

fw)=ak, +BE, (5)

K, f(w) MEIERWHERERE; E, NG ITAE
FUERI R 2 E, M5 a5 R iR 2%, a,
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Ge RN a, BAELLHSE NS AUE . D137 1E Ak
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V14 R 6.3 A e O P ASUAEL o 520

1.3.3 Bl AL 2R MRA 7Y B ML AR AR ( Random
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PRI 20, BEALAR AR A S Eh B L pHL.
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B BRI Gt BTk K ¥ 4E SPSS 19.0 for
Windows #F 52, FF7E Sigma Plot 13.0 #fFrh
PEAT I . BP A2 I 45 A0 | AL AR BAASE 0 A
£ Gk [ A R E SPSS Modeler 18.0 444 H#y
. BRI RE, BEHLEEE 70% A I 2R B 4
T 30%MEGUEEE4E . LS EhE . £ pH, +
H SAR FIt3E ESP By IR B i P R AL

( Coefficient of Determination, R*). 4N & %k
( Nash-Sutcliffe Efficiency , NSE )H13 77 # 1% 2%( Root
Mean Square Error, RMSE ) #1745 560,

2 4t R
2.1 HIEEENSHEAET

MEEETWN, KO TRZE LSS
YRt st ()4 RS S B i b g, AR e Ry
B 2 i i - 8R40 (1 2a ), AHXT T CK Ab3,
SM+OM. BS+OM. PAM+OM. BM+OM F1 OM 4b
PR RIS BTN TR 57.5%~
74.8% . 56.3%~76.9% . 49.4%~72.0% . 46.5%~
65.0% Fl1-5.9%~45.0% ., IL4h, M4 F Y HNK
PAM+OM . SM+OM ., BS+OM HI BM+OM b 3 5] [
IR BE RS

ML EFYIN, AR TRZ L pH
PTBE F [R] HE  S 20 i T R a9, EUR TRl ) X
TRIZLE pH FHEEREE (K 2b), Hi,
BM+OM kb B X} F 32 + 3 pH iR e fd: , 78
A BN CK AL R T 4.1%~8.5%, Iii SM+OM
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Fig.2 Dynamic of soil salt content (a ), pH (b ), sodium adsorption ratio ( ¢ ), and exchange sodium percentage ( d ) under different treatment
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AT TR ZE 4 pH MIEERCR R 2, AR
N#E CK LB ETFT 0.4%~5.5%, HAvek RSt~
RKIZLHEW pH 5 CK ML 2Z FIH AR E

ML TN, SN EZ 14 SAR
BERS RS 2 T, AR Ry BT
N BT REA SO K 3% SAR /K-, L BM+OM 4b
PRI AT (B 2¢ ). AHXTF CK Zb 3, BM+OM
BS+OM. SM+OM . PAM+OM I OM AbJF i) + 33
SAR TELE BN 5 T FE T 61.5%~87.6% .
39.9%~73.0%. 27.0%~ 64.6% . 24.8%~50.2%Fl
-12.1%~26.6% . It4F, PAM+OM ., SM+OM Fl
BS+OM [H] Y SAR JF&H B EEXR.

ML AETWN, 40T £ )2 1 ESP /Y
AACFIES SAR AHAL, YRa T E AR Z T L, H
AR R TR T L ESP WFEEREES, L
BM+OM AbHf A% (& 2d). H#HXFF CK Ab#,
BM+OM. BS+OM. SM+OM. PAM+OM #l OM kit
B ESP fEAEFMIN AR TR T 55.5%~
86.9% . 33.4%~68.6% . 20.9%~59.9% . 21.2%~

45.5%M1-11.3%~21.4%. L4, PAM+OM, SM+OM
F1 BS+OM [H] (%) ESP [RIFE&A 5125
22 TEHRFRUSHEREERFHXLR

Pearson HHOC/rHr R WM A F WA R)Z T 15
RO A PR TR (R 2). TR
THESEAE . Kk, BHHRERIRXGERE
W FEEAMCKLR, GRAUREREMLXR; 5
- E K RN R AR G U OC R pH 5%
MEAENDEEMALCKR, SHIEFEREDEE
PR ME IR E R R ERMHCCR, 5
Wi, RAOREERERMHCER, Sakaft
BEKETREMICLR, 15 SAR 5 HIERAE
ZERBEAATEN D IEAHOCOC R, FIXGE &2 B 35 TEAH
KKFR; MEEESKERERBEAMHLELR, 5
R T 2 W A DG OC R s 5 R B R - R
T RAHEKR, 1 ESP 5 HEARMALFLE
W FIEMCKE R, SREEIEMALKER; M5+
AR BN EAECCR, SHERE . KX
T N W G B MR A R R

x2 REIRBRFUSHSIRMRERFHEIXAR

Table 2 Correlation between soil salinization parameters and soil environmental factors in surface soil

KRAE Rk Rl 12t R k3 TR E R T E
Air temperature  Precipitation Evaporation Wind speed  Soil water content ~ Soil temperature ~ Soil bulk density
o HE Y 0.215% —0.336%* 0.586%** 0.289%* —0.525%* 0.307** 0.644%*
pH —0.187* 0.245%* -0.156 —0.205% 0.077 —0.244%* 0.222%
S A L 0.126 —0.192% 0.462%* 0.202% —0.521%* 0.184 0.723%*
+- Hens AL 0.116 —0.184 0.450%* 0.211* —0.539%* 0.178 0.733%*

(D Soil salt content, @ Soil sodium adsorption ratio, @ Soil exchange sodium percentage, 7E£: *FI**4/3HIF/R7E 0.05 F1 0.01 7K

F B FEMKE . Note: * and ** represents a significance at 5% and 1% level, respectively.

2.3 TEHRFASETNSEIE

2.3.1 R HEER ST 5 gk + 4 A
P« NSRBI N6 S 1 T Ak SR 35 2 3k B AL
ARG RI>BP 1 25 ) 25 B 70> 22 o 2 M [l I A58 [%]
3o Hirp Z2 04 M In] AR AU R BE AL AR ARAR 7Y B 3 25
B FONORG B2 fe ey, RWEIRIRZ B UEEC RS B
I, T BP B2 28R = AN B SEATHOURG 22
SEARK . M R?, NSE Fll RMSE ¥F&, 2uB%uE .
SRBOE AN E BSOS U 25 54 R® A NSE ¥R BLR
BEML AR A 5, 435114 0.89.0.93.0.79 Fi1 089,
0.92. 0.79; H¥Jy BP ML RLEAREI, R* I NSE

0512k 0.81, 0.81. 0.83 F10.80, 0.81. 0.79; £Jt
£ P [ AR 5 i, L R 1 NSE 4331124 0.61.,0.66
0.51 A1 0.61, 0.66, 0.43., 2FEHE . VI ZREE K
UEHCHE F50 25 S (9 RMSE W I 475 NSE #1 R %,
FIH A BEHLAR MBI (1.00 gkg'. 0.89 gkg ' Al
122 gkg' ) <BP M2 W 44 (131 gkg .
136 gkg ' Ml 1.22 gkg' ) <Z oLk v Inl )9 AU
(1.87 gkg'. 1.80 gkg' F12.01 gkg' ).

2.3.2 3 pH AW S0 WK 4 Pros, +
e pH A . NSRBI Y 10 RCR 3R A BEAIL
FRAMAE I SBP 11 28 W 25 455 780> 22 JE 2Rk [RT AR i

http://pedologica.issas.ac.cn



1510 R T 59 %
16 16 16
a) MLR a) MLR a) MLR
149 50.928x+0.163 8 0© 141 5=1.004 501366 _ 0° 141 1=0.748 5x+0.823 7
R=061 R*=0.66 R=0.51
124 o 12 { 1 o
MSE=0.61 o MSE=0.66 o ° 121 MsE-0.43
101 RMSE-1.87 10 { RMSE=1.80 N 104 RMSE=2.01
81 0. 6% o 81 0o o 81 o °
o 600 o o° o BOOCO o o° 6 0o,
. %g Ao %o R %4 ° ooo % y ©
44 ° 9 o 41 2 o, © 41, o 1)
, ° % % o 5 gf o X b o o ¥
~ 21g 18885 1 °
o 0 8 4= Entire 0 Il Training 8° IF Validation
) : . 0 e
0 2 4 6 8 10 12 14 16 0 2 4 6 § 10 12 14 16 74 6 § 10 12 14 16
216 16 16
§ 14] b)BP-ANN . 14 | ©)BP-ANN . 14| b) BP-ANN
= y=1.011 6x-0.144 4 % y=0.967 2x+0.040 1 ° 5 y=1.2555x-1.1255
2 12 R=081 & ° 121 R*=081 ° 12] R=083 °
2 MSE=0.80 o ° MSE=0.81 o MSE=0.79 o
E 104 RMSE=131 f 10 4 RMSE=136 i 104 RMSE=1.22
2
-§ 8 o0 © 5 8] o ) 8] o
~ d@% o R° o %o
i (4
J'_Z:E: 61 ) o 64 %g o 04 o)
S g | g |
2 N 2] e 2l A
4<5:£ 0 4= Entire 0 Ik Training 0 e BIE Validation
H 0 2 4 6 g 10 12 14 16 0 2 4 6 8 10 12 14 16 0 2 4 6 8 10 12 14 16
16 16 16
| ©RF | ©RF 4 ] ©ORF
149 J=1.076x-0278 7 0%, 14 =1.090 6-0.304 7 0% ! 1=1.022 8¢-0.142 6
12 { B=0.89 0 ® 12{ £=093 00 12] R=0.84 °
MSE=0.89 ® MSE=0.92 ° MSE=0.84 o
10| RMSE-1.00 / 10 { RMSE=0.89 / 10 { RMSE=1.11
[o] o]
8 o %o /48 8 o o /° 8] ° Ao
094 o ol © (<}
6 R 6 6 R
4 “ 4 4 7o
1 7 7 o
[ @% (e} o 5o o i % °
2] A 2] 3 2 %
. . s . o R L
0 © 435 Entire 0 Il Training K HE Validation
0 2 4 6 8 10 12 14 16 2 4 6 8 10 12 14 16 2 4 6 8 10 12 14 16

T3 55 i SEIE Observed soil salt content/(g-kg ')

K3 RIESHEISS a) Zoe4MERIHER . b) BP MMM ¢) BENLARMAR R 5 5k

Fig. 3 Dynamic prediction and verification of soil salt content based on multiple linear regression model ( a ), BP neural network model (b )
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Fig. 4 Dynamic prediction and verification of soil pH based on multiple linear regression model ( a ), BP neural network model ( b ) and random
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Fig. 5 Dynamic prediction and verification of soil sodium adsorption ratio based on multiple linear regression model (a ), BP neural network

model (b) and random forest model ( ¢ )
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Fig. 6 Dynamic prediction and verification of soil exchange sodium percentage based on multiple linear regression model ( a ), BP neural

network model (b ) and random forest model ( ¢ )
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