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Applicability of BP Neural Network Model and SVM Model to Predicting

Soil Moisture Under incorporation of Biochar into Soils
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(1. College of Natural Resources and Environment , Northwest A& F University , Yangling s Shaanxi 712100,
Chinas; 2. State Key Laboratory of Soil Erosion and Dryland Farming on the Loess Plateau , Institute of Soil and Water
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Xi'an 710003, China; 4. College of Science, Northwest A&F University , Yangling s Shaanxi 712100, China; 5. College of

Com puter Science and Technology, Chongqing University of Posts and Telecommunications , Chongqing 400065, China)

Abstract: As a soil amendment, biochar has a good effect on the soil moisture in the semi-arid area. In order
to know the effect of adding biochar on soil water content prediction model, a district positioning experiment
was carried out in semi-arid Guyuan ecology research station on the Loess Plateau. In the experiment, different
kinds and amounts of biochar were added to soil and the soil water contents were monitored regularly. In
consideration of soil water nonlinear characteristic and random effect of adding biochar, BP Neural Network
model and SVM (Support Vector Machine) model were selected to build water content prediction model for
biochar-added soil and the applicability of the two models were finally evaluated according to the measured
data and predicted data by using RMSE, MRE, MAE and R? to assess the precision. The results showed that
the average relative error value of BP Neural Network model was 3. 78% and the max relative error value was

13.14 %, while the average relative error value of SVM model was 0. 56% and the max relative error value
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was 2. 42%, respectively. The RMSE, MRE, MAE value of SVM model (0. 34 ~0. 17, 0. 07 and 0. 56 ~
1. 27, respectively) were less than BP Neural Network model (1. 04 ~1. 16, 0. 47 ~0. 68 and 3. 78 ~4. 57
respectively) , and the R* value of SVM model (0. 96~0. 99) were greater than BP Neural Network model

(0.56~0. 64), respectively. BP Neural Network model and SVM model both performed well in predicting

soil water content and the prediction results of SVM model were more steady and precise. So the SVM model

is the appropriate model to predict water content in biochar-added soil. The reuslt can provide theoretical

evidence for prediction and management of moisture in the biochar-added soil in the semi-arid area.

Keywords: soil moisture; biochar; prediction model; SVM model; BP neural network model

- HEK I Ay M 2 ) S5 [ P e 5
AR R 2 A R T R
X R o AR AR S B Y AL ) 5
WRREZX ARG WA A T H
BT« [ A7 35 R 48 3 A T 3K 43 i A0 5 A 80
T HOK S MBI 5 T EA T R E RS AR K
3 TR AR FH K P B AR 0 Al X T 19 B A
B S K o TS A A . g A
KAk K gl Jy ek ] e SRR e i
Mk N TR g SORpm s plaE . K, A Thiz
P4 2% CANNSs) # FSRAEALL Ab PREZ Wi R 3R 22 O R A2 2R Y
R YL N R ARSI SC R 1 18] e 81 i S 41 1 —
FARGEAS . NI 28 P 25 [ AT 1 27 T BE ) M3 N7 RE
I3 AE AR 3K 53 B A LARE T . S ) 4 L
(SVVD 00 =L R HmT UK A 0 30T AT 42 JRy B
ZALRE 15 S50 5 B A s BERIB RE T VHE ) RE T Ao
AR EABEAR TAE GG T J5 ik L AE R 5K oy
TR 75 2 A A AR AE

H W3¢ (bio-char) J& A= ) TR 7 i SR BOE SR 46 1 T 28
Hh e LA R A B A — SRR B RRUE Y LR DT
B B A= TARSR A e L H A R 1Y
SRR BAR R T B A BRI AT T R )2
LI Al PRI RIAE B S A SR . KA SCik e
A=W 7 R LI R A X K B IR A5 BE - 1 g 48 T [R]
FRAE D K AR R it AR ) e R 4 K
O3S SR T STt A ) ¢ SR 0 A Y

PRI Z UL o DA AR SC LA A ) 5 3 T /DN IXE fir
I A2 K 3 BE SRR A 5 IR b S K
(A 2 e Mk L it Jon 2B ) o 19 BE ML 52 i 18 B BP
2R P28 F SVIVL S A [ 2 AL 4 Ao S TR 500 e o £
Yy 5 - SR K 73 AR S SEIEPPAN B R0 25 T4 B
TR ALY, LA S A T A= 25 3R 8 vh A W o 23 ek
AE A BV DA B A — S A B M B

1 M55k

X I8 X AR
I b S AE T R R 2 B [ A 2 s S X
S N B R 786 3 (7R 48 106°26'—106°30", Ik £
35°59'—3673" ), B LRI RR L IX . KX
TR 1 750 m, S R R B T R AT & B A T X
AEEERR 6. 2C Bem A (T A R E 18.9C,
BAEH (1 AO9) FHRIE —8.3C, #m fie i <R
34,6 C , Wum LA IE —28. 1C, >0 CHE 3 100C,
A H B 2 518 hy AEFE N & 472 mm, JG 75 1)
152 d, T3 LL BT 4 FUgE B 4 Oy 3 AE el E A BT
Ji ) 2 5 R B
1.2 ks

A3 50 o IR AR Bz L A A B R Sk JEURL £ AR
s WIRNVAEY I R BETE A E A W ae IR B EOT KA
FR S w4 A2 Pk (a] Oy 2012 4F 4 B T2 WA N T
PRERK — B Al — 3 2 k%2 550 C (6~8 h)—
PR AW AT BT W3R 1,

1.1

K1 EYRMERELER
*m b RmR/ A5/ PR T3t it/ A LB/ 2R/ A/ AR/
(m* « g™ (pS+cem™)  (cmol » kg™") (gekg™ (g+kg’) (mgeL") (mg-L™"H
B oK A W e 0.0824 9.34 684.0 13.16 742. 82 5. 46 0. 890
W R AE W 0.0949 9.52 808. 0 20. 14 866. 25 8.77 1. 140 —
W " RIREY R P AEF SR
1.3 Rigit IB,1%HB.3% HB.5% HB 1 CK,E& 3 kK. ik

B AR AW (JB) AR J2 A= W o (HB) Y9358 & 3
AT %,3%.5%) .3 6 NI AN & 1 s
X BB CICAE W 2% A8 10D e 1%0)B, 3% 1B 5%

Bl B AR Wy e 5 R R e e R AT AR . db i
21 AR/ BN AR 2.4 mX 2.4 m. Oy
HER R GLIRZE /D IR 58 2 B AL X H i it 54



88 /e o S R 1

%24 %

INK P FT &A1 Trime-TDR 45 1 4, L4 F1) B i
BB CTDR) YA W s 26 LL R 2 me 4 )2 (1) 4 e A
XK. AR N E = IMKO-PICO-BT, 4= ¥4
K 5E A 7 I, B4 56 222 20 em A £
B B B A ) e e BEARE SE VRN L A9 5 3 ) A g
G FE IR A ARG KR AR I I R R, T
A/NXF 2012 48 5 K@ EH RIGE AR &M
VR AT AE B AN At T T A B BR AL 3 AR 7
2015 4 1 H AN 6 A H w1l 38K 4.

2 RSy PN YA

2.1 BP#HEREEE

BP 125 (5 255 [K] f] 5. 55 47 o A B2 a1 00 R 1 2 280
i R ANNs &%, BP(Back Propagation) # £ ¥
PR R L RE I Z R AT A 2 M, B
WMAR BRTEMM R, ZE5EZHZRH2H
T R B ICZ A AFAEAH B 3, BP
25 I 245 1) S B A0 SR AL 4 I 2 ) A LY ZR R T 3 25 AT
DA ] matlab 2014 rhi 28 00 28 T HAG SR ALY newtf e
B train pRAL sim PRECEIL LIRS . ASSCRAT 3 Ep
Z M, Tt B & 5 A2 i K E, o]
B AT B G Dy 5 pl U B 1 A 250T o e
RN B G0 R LG R HEBR AR (= Vmtn+a,
Hor a U T 0~10 BYREE A SCHRBR & 275 JUBCh 5.,
A5 LA T A

[x11,x12]=mapminmax(x1,0,1);

[yll,yl2]=mapminmax(yl,0,1);

x21=mapminmax('apply’,x2,x12);

net=new{f(x11,y11,5,{ tansig’, purelin’});

net. trainParam. epochs=100 000;

net. trainParam. Ir=20. 05;

net. trainParam. goal=0. 000 01;

[ net,tr ]=train(net,x11,y11);

y=sim(net,x21) ;

yy=mapminmax( 'reverse ,y,y12);
Horfrax1 & AR s y1 o B R0 1 80 5 x2
it 2 PO AOHE 5 yy O PO i i 4

W IR BE I ZRREAS e AR S AR H — b 2L
AR AT mapminmax e ECE B s 19—k 210,11, I
Rt BRI 5 A L 2R E N L HOK M EAERE
HUEIA B R A 12 R S E AR N E A R
RN SR A i W 2% i R 8 2 2] SR A
G280, TS BRI & 1 -+ 33K 43 P s SE T EE A Sh 2L
UAA 5 DI s A~ IO 2 A A [w] 1) i A ] 245 1) A I 1Y
b R E S BONE T 2 B R 22N T
B 1Y LB YIRS . 3 5 S BRIl 2545 1 1) 2%
e sth 2. IZRoe B 2 ) - RAF DI 2R 47 1Y BP #f 42
A 2 25 K R 2 50 5 L TN 1 R A e A D 5%, BT
AR I SOH — R85 R . 25 b BP M 4% 1 i
R LA 1,

! T th

| AR G | | TRTINT |
< ¥

| R Y 4008 B B | | e SVMEZ B 3
L BP L

| A AR E | ol I [ | XEREINBESEC g |
3 <= W B = 4

| BPH £ R % 11 4 | % A | SVMII % |
- 2 -

| I 4 B 4 L1 45 | | SVMFH |
< ¥

| % JH — b 4 | | R U5 — e 4 5 |
! [ | ’

B 1 BP#HZENKISVM ER K EERE

2.2 SVM &R

1A B ML (Support Vector Machine) J& Cortes
Hl Vapnik F 1995 4E 5 54 i #Y, 3 28 AR 57 —
A 43 28T TR A o SR it T (A5 1E 51 5 R 461 22 1] 7
(i) g8 e A Ak s AN TR N T4 28 ) 46 CANINs) fiff FH 22 55
e /NP HE D) o8 5 4 RS e /N o DU D B2 VC 4
B X (115 B 7E i P /NRE AR FE 4 I v A A X
PRI R B 2 R B

SCRF 1) A L5 12 B 0 P A ik ple A XCRUa T) e A
1998 4F Vapnik # ) 3245 [] £ [71 9 (SVRO 77 3% JH ok
fife Ve bR EICHDL G )22 SR ) e LA B g L 4
3 JERNRL IS P& L A 5 Fp A K 23 S0 AR 0 B LA
FCIT S T RE y BE At . 42 1 S 1) B AL [1H A S 40E
AR R C O R R e B RBCE T A
PSR BT R R CBOR L R 256 KU B
BRI A 2% L 2 AL BE 0 B 2% 5 A8 ) AR K C M), A T



503 FATF - BP P28 45 F1 SV ML R it fin A ) ¢ - 398 7K 43 B0 4 5 P 89
TRT R V2 Ak e T 3 SR {H AT AR LR AL i) A5 40 RE O R 180 em 4 J2 Wi I iy = 38 7K 73 K30 V8 S I 2 5 L S
RS o e EZ SCRFI B0 B e BN SRR 190 cm Al 200 cm Ab 458 & 7K i CBAAZ Y00, LI L

AR AR . B A A BRSNS
b A% o BORH HE A2 1) BE A2 o B5CTE 2 38K o 0000 A 7
FORELF o R SC b B AR 1) B (RBF) /E R #%

e |l

K(x;,x)=exp 5,7
Ko WEERESE.

Wi XF SVM B 58 B TR A V5 22 0F 9¢ N\ B 2ok 3
TR AR bR AR BRI A AR
A A B T T F B — s S TR AR OB AR
LIBSVM J& 5 ¥ K 2% 8 1= (Lin Chih-Jen) # #2 5%
TR B — AT 5 o Tl AP s A %) SVM
B 1A B B At AN (E S 3 1 4 1 4 Y 7T
1t Windows Z 48 AT SCHF i S 41 1 JACAS , J5 £
MU B UL R TE A ERAE R g bR IR A XS
SVM Jir it Je (8 Z: 800 55 A XS e 3t TR 2 1y
BN S, F) 3k 26 BRIA 2 5000 D figk e AR 22 ) i, JF:
Pt A2 H K B (Cross Validation) [ Ih figt?e |

LIBSVM F 2011 460 &, & F AN 3. 21,1
BT 2015 4E 12 7 14 H . AICHET matlab 2014, ff
A libsvm-mat T. H. AU, & F LIBSVM ¥ 40 (1) /i
WESHCE AT LAJi ) RREEY . A SCE it libsvm-
mat [ W A% 250 T bR B 0 98 T AR ST R B C R
PR R R g AT R AR SR, Hoh CL g M RE
Bl E Ry 107~ 107, AP K 0.5, I ih B d
A A I G B AR A S BP M2t 0 2% 1 B
A, 28 . SVM By A Fe LI 1,

3 R 500r
3.1 BP #ZM4ZF0 SVM #& B XF 70 & 9 2x 187K
Cam ik

ARSCHERE 2015 4F 1 H i RAE RS MM REAS L Bt
Fr s A BT LK oy LA A B A 0—

3 M7 19 A TR X i i 2B 4 e 498 1 K 43 T 3
PERFGE . DL CK A3 A AR 3 L e 150 W] 700 7 A 784 1 o )
b At 3 50 A B 0 G FE AR B 2 S BP Rh &8
WA £ 55 R0 1) 5 i 22 AR A T 2 L 1] 3 O SVML AR B 8
Coo IR, 2 2 R R U0 25 5, Horh
R XGF 5 28 1 i B 8 00 0 A - S 04, 67 i b B 50
B/ F S

ME 2 A PIFE H . CK 4B Y BP i 45 [ 4% #& Al
Zeid 17 405 B G 03 R0 56 UE K00 Xk E R
HAME LT AR )y iR 22 3. 243 7X10°,
W 26 1 25 H 1 RS 36 B 3 O 15 2 3K B A /N I 45
ME 3T LAIE . CK AP SVM BiRIZ K C. g F-
AL Ry 0~10, 5 W45 F L5 B I S8 C=
1.8661,g=3. 249, % 1A K5 Bk 98. 88 %% 5 Hifih kb
SRR IE 2, R Lol 50, A8 BP #i &
P 2 76 2 SVM SR, i 4 158 25 5 Al 1) R, 6 A
WSSO i 359 38 B e AR IR R

10° f — % --- BiF
10° e PR - B
e R

2 F

34 10

o
RO
w10 N

B3 SVYMERSHIKER
xR 2 BPHZWKM SVM & B i 45 R

Ji i B A BP i 2 [ 4 SVM #i 5l
AL 190 cm 200 cm 190 cm i cm L ZHC 2% g 190 cm s cm L
W2/ % W/ % W/ N W/ N

CK 24.45 24.28 24.0400 —1.68 22.5317 —7.20 1.9 3.2 24.4050 —0.18 24.4274 0.61
1%Jb 19.12 18. 15 21.6315 13.14 18.5062 1. 96 0.7 0.2 18.7335 —2.02 18.5889 2.42
3%Jb 22.01 21.78 21.3622 —2.94 22.3293 2.52 0.9 0.1 21.9235 —0.39 21.8759 0.44
5%Jb 22.62 22.58 23.6307 4.47 22.7801 0. 89 46. 3 0.1 22.6125 —0.03 22.5874 0.03
1%Hb 21.35 20.91 21. 4825 0.62 19.7203 —5.69 28.7 0.1 21.3072 —0.20 21.0079 0.47
3%Hb 22,7 22.56 23.7653 4.69 22.0256 —2.37 0.7 0.2 22.6215 —0.35 22.6025 0.19
5%Hb  23.99 23.85 23.1953 —3.31 24.2062 1. 49 6.1 0.1 23.9356 —0.23 23.9066 0.24




90 /S o T S T

%24 %

YA 2 AT, BP B2 26 X 7 b Ak B I B
AR 15 25 1 46 XHE i Koh 13, 14 % . e/l 0. 62%
SRR XTI 25 R 3. 78 %0, W] BP 125 N 4% RS B 4
b TR it fin 2B 4 ke A IR 2 K 4y . SVM R AL Xf
190 em - JZ VR BE Y 4 1 7K 43 T 24 4% T 52 AH . i
XF 200 em 4 JE TR BE Y 3K 43 TN 2 0 T S 5 X
7 Fofo Ak B B AR R R 25 0 4 X (E B R OR 2. 42% B
/NFg 0,03 %%, S-S AH TR 224 0. 56 %, BEEH SVM 4
T B A AR Lo 1 5000 it o A= 4 e - HE TR 2 K 4y X
b BP it 28 X 2% F SV M AR R (i 10 45 56 n LA BH B
F o BP 2 W45 S50 () A X 15 25 B SVML R Y 5%
K. H BP b2 (0 45 455 ) [] — 4b 31 B[R] — I
I 25 SR A5 S R e A o U8 2 A A T e A A )
i 2 5 T SVM AR X [] — T4 8 1903000 285 8 A X 152 2% [
J3 (190 em) BEIE (200 em) , %o AH [6] 4 3 f) 35 0 45
s TR » U shdse /0N 4l b mT DAASH 0, S i o A= 4 ¢
- R 2 K 43 T . SVM A5 8 RS 47 T BP p 4
P £ A5
3.2 KSR R EE

R 2015 4F 6 H 4y +1E 190 cm Ml 200 cm AL
() A s o 1 B A0 6 A 0 B & A 3
Hr SVM 51 FN BP 4 25 [ 26 450 R 4 15000 45 21, 0 &)
4, WRFBHEL T Bon, SVM KR T 45 5L o 52 T
LB TR T BP 25 0 28 45 750 503000 2% SR A 0 S q
B X UL SVM S A 1 45 S f T BP 22
Do 2%, B 3E Tl Jin AR B K 43 i 0 5

25 ¢ N
o SVMERL A

L5 | A BPZMG R 2
° AO A AA
e\ AA A A A
@yt 2
B
=® A

19 + % A

17 1 L L L 1 L L J

17 18 19 20 22 23 24 25

E?&Z{lﬁ/%
B4 BP#MZM%&H SVM BT LR

B ¥ )7 A 1% 2% (RMSE) . F % M X 3% 2%
(MRE) -3 4 %F 1% 2% (MAE) | ¥ 58 250 (R?) 5k i
O R0 RS Y Y ORS B, L3R 3. RMSE, MRE Al
MAE # J5 e7 FU0 A5 4l O 125 50 S8 r) A2 B (R B
N e TR B R R s I v LB R B/ . e 1 H
% 6 A 45 BURE S80S . SVM B AU i) RMSE, MRE I
MAE {A [t BP #1289 28 B {E /N, U B SVML 234 153
KB B 2 = T BP 2 W 25 A A P RAE(RY)
fala T 1, W] [ AR PR AR e i R R R A
LR b SOAE Sy Bl 24 R® @& 1 1,

T y=x S5 M (88w . 2 W] 35000 (B8R ¥ ) T 5K
B, KT I 2 F L, SVM BRI R* #R7E 0.9 DU
I BP M I BIRLY R® ARTE 0.6 247, il SVM
TR 4D A B B . SVIML R 26 B 3 5 i n A4 4

K 3 1
£ 3 BPHIZML SVM &R BiR £ 5 4R
i 1] Y )
LAY RMSE MRE/% MAE/% R’
GE-AD
BP 1.036957 0.47 3.78 0. 64
2015-01
SVM 0.170735 0.07 0.56 0.99
BP 1.163576 0.68 4.57 0. 56
2015-06
SVM  0.339417 0.07 1.27 0.96
4 i

A AR T A 500 45 5 AT ok R BP B2 I 4%
1 SVM Y 245 REAR g b 7 FH Tt fin 2 49 2 = 18 1) 7K
T, AT X BP 22 440, (a4 R BP AT
P I 2%, N7 K S TN ASE R R - 4 T
TR BT AT 228 9 V0 20 4 s i A I 5 K6 1245
TN FH i A 90 e 1) - S5 K A TN, S-S5 ARG 5 2 R
3. T8 e AT s RIS A B T 4 SR . AN SVML B AL g
ST AR ST AE SVM AR (4 JE R BES T, XHETT] R 4L
C A% R B RN g iFAT SR B 5 BLL, 75 2 0 HH T it
Ay o A HE ) 7K 43 BOMIAS RS , SP- 35 AE R 22 R 0. 56 %
FUBE SO AR e A5 8 R A T 2 5 X S kst L T
Bl Gl 25 ] SVM AR, B 3 67+ HEK 4 i
TS AD , FUIN A it A 4 i = K A3 R B R 2 SR
H—3,

SR . SVM LAY b BP i 25 W) 26 B8 fin £ b
B T 22 5 1 DA D L S R M S S L T ST R
Tia) 5t B A e 425 0 24 A5 TR X6 - 396 K T 2 2 5000 T Sk
S IR R AR B AR A 2 B0 X T AR 5 e AR K
T SR REA R AR R S5 AT S 45 1) 42 BILASE 7R 5 )
RO T4 2 I 5 AR, 3 5 AR SO ST 45 S — 3. 28
B EZN AR B R 43 BT, SRR 1] B AL N TR
25 I 24 A TR ELAT A B 5 DXL SR ) AL A 1 B
SRS R SR SE BT A /NEEAR I T B KRR
b 4 v TR ) TS L A B 4 SR I A AR A AR T
P25 N 26 5 B ) JR AR AL ) 5T, (] s, o 52 B g FH
i AR SRR R LR T 2 1 e A5 ORI
I, W N T 28 90 45 7 96 A R 75 B0 2 0 0 P 4 35 A
R AR A BN A BB A Hh B A R Y 2

5 i

AR SCHE S A Wy e Al TN DX S 8 B I BP



%3 3

TR BP g’ 45 A1 SVM BRI X it Jin A 4 2k - 58 7K 4 100 %) 3E 1 91

25 W25 F1 SVMBEAY ST it Jin AR ) o 1 - JE K 4

DAY, BRFTAE AL & T PEOE ST A5 10 IR 4518
(1) BP it 28 9 2 1 I (B A9 SF 29 A0 X 3= 22 O

3.78% e KR 220 13. 14 % 3 SVM A R f) S 2 41 %

WEH 0.5600, I RIREN 2. 4200 . AZNIN A

BTG EC B 69 52 Wi, BP 4 28 [ 45 F1 SVML R

U HS BEAR L b T 4 K S5
(2) SVM #i# 5y RMSE,MRE.MAE &%/ T

BP $h 25 [ 2% (1, H g R R? {6 SVM L8R T

BP B2 [ 2% . SVM AR 00 25 5 B ANAG E L RS AL

e SIS T AR b Ky i SO 5T

B 30K

(1] A R, FAEE, 55, 8 b i+ 5K 4325 /] 43
A BCEARILT . R D $8.2001,31(3) :185-191.

(2] AR R WA 2 4w R e v A/ i 4 1 3k
A3l 4 A0 A SRR R R[] AR A AR AR 2009
(12):2508-2514.

(3] XURRMG BB W] 22, B 4w T /)y il 4 3 K 43 B 4 4 1Y
B ST Aok T AR 244, 2010,26(5) : 71-77.

(4] 206, RS R SR, oK 43 300 D0 A 78 (g mF 5 [T . K
JL i 5 K AR . 2010,8(4) :95-98.

(5] bk, A6 BLE & . 55, 80K 2 750 00 b 25 ) 45 A5 721
A E] PP A LY A e [T . Rk T 2% 4k 2003, 19
(4) :33-36.

[6] Downer C W, Ogden F L. Prediction of runoff and soil
moistures at the watershed scale: Effects of model com-
plexity and parameter assignment[J]. Water Resources
Research, 2003.,39(3):276-290.

(7] WRRAE,JEW . 3T ARM Fl GPRS fym 7 + 15 15
W i R e[ ], Ak TR =4, 2012,28(3) :162-166.

[8] WFH AR, IR E. TS KB WIRBURZART].
KM ST . 2013,35(7) : 11-15.

(9] THdRE, PR B /N 55 LT BP 2 9 2% 1 47 H 4 1

KA FRMILT ], B PR R 2747, 2010,39(6) - 891-895.

SRR WA R BRI R TSR ) A ALY 4 R AR

B 5EL) ], 254, 2013,50(001) - 59-67.

Marris E. Putting the carbon back: Black is the new

green J]. Nature,2006,442(7103):624-626.

Shrestha G, Traina S J. Swanston C W. Black carbon’s

properties and role in the environment: a comprehen-

sive review[ ] |. Sustainability, 2010,2(1):294-320.

Ahmad M, Rajapaksha A U, Lim J E, et al. Biochar as a

sorbent for contaminant management in soil and water; A

review| J ]. Chemosphere, 2014,99(3):19-33.

Wil A SR A BT, 45, AR 5 RO 3R B 00F 5 I e

JEELT] A BT 1), 2014, 33(5) - 821-828.

EFHPE L5 B S AR TR Xt R

[10]

[11]

[12]

[13]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

K PERE R M 5E AL BF 5T L) ], K 3 4R 355 %4 4, 2013, 27
(2):101-104.

Karhu K, Mattila T, Bergstrém I, et al. Biochar addition
to agricultural soil increased CH4 uptake and water hold-
ing capacity: Results from a short-term pilot field study
[J]. Agriculture, Ecosystems &. Environment, 2011,140
(1):309-313.

Basso A'S, Miguez F E, Laird D A, et al. Assessing
potential of biochar for increasing water-holding capacity of
sandy soils[J]. Gcb Bioenergy, 2013, 5(2): 132-143.
T 5k EI L, WL 2. TIPSO-BP #ft 28 9 4% 76 15 ] K 7K
BOK B v g L. BB RE 2= 5 4K, 2013, 36
(8):175-181.

Guyon I, Weston J, Barnhill S, et al. Gene selection
for cancer classification using support vector machines
[J]. Machine Learning,2002,46(1/3) :389-422.
Support vector machines: theory and applications[ M ].
Springer Science & Business Media, 2005.

Shahraiyni H, Ghafouri M, Shouraki S, et al. Com-
parison between active learning method and support
vector machine for runoff modeling[J]. Journal of Hy-
drology and Hydromechanics,2012,60(1) ;16-32.
Brereton R G, Lloyd G R. Support vector machines for
classification and regression[J]. Analyst, 2010, 135
(2): 230-267.

K225 P AR At A5 BE T SRR 1 B ALY A SR
WA IE TP T T B X B IR 5358, 2013,
27(7):113-118.

TR M E R 2R T SRR ) A LS Y K
Sy BN R WS [T ], AR, 2011,33(3) :68-73.
FEY,FR. 5T LIBSVM 5 X B oy sewrse[J].
Bl AR5 TH2.2011,11(22) : 5440-5442.

Chang C C, Lin C J. LIBSVM; a library for support
vector machines[ J]. ACM Transactions on Intelligent
Systems and Technology,2011,2(3) :389-396.
Chih-Chung Chang and Chih-Jen Lin. LIBSVM -A Li-
brary for Support Vector Machines [EB/OL]. http: /
www. csie. ntu. edu. tw/-cjlin/libsvm/index. html,
2015-12-14.

FAAE R 5/ 55 TR 48 B8 IR Bk 2 305 ik
L)), WAl 4% ,2016,55(2) : 349-353.

Gill M K, Asefa T, Kemblowski M W, et al. Soil
moisture prediction using support vector machinesl
[J]. Journal of the American Water Resources Associ-
ation,2006,42(4) :1033-1046.

5ok ARG, W ST bR L BT L AL T ST 1 ML AT A 22 Y
K K T2 S RTIN RUR LT . o ROl R A
%42 .2010(6) :102-107.



