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Abstract

The purpose of this study is to attempt to simplify the evaluation of cultivated land fertility by ap-
plying the machine learning algorithm, which aims to explore a new approach to the application of
machine learning method in the evaluation work of cultivated land fertility at regional scale.
Based on Technical Specification for Investigation and Quality Evaluation of Cultivated Land Fer-
tility (NY/T 1634-2008) and the local practices of cultivated land evaluation, the methods applied
by this study generally are supposed to use the based data obtained by the Financial Subsidy
Project for Soil Testing and Formulated Fertilization conducted in Huixian county, Henan Province,
to establish linear discriminate functions. 10 soil and site condition factors including surface soil
texture, soil profile characteristics, surface gravel degree, rapidly available potassium in soil,
available phosphorous in soil, organic matter content in soil, irrigation guarantee rate, capacity
for drainage, geomorphic types, and surface slope are selected as the discriminant variables of
cultivated land fertility level. By constructing the model of Bayes discriminant functions, Bayes
discriminant analysis is employed to determine, analyze and classify land fertility in 5922 sam-
pled sites of the studied region using that Bayes discriminate functions. The results of the methods
demonstrate a prediction accuracy reaching up 89.1% after mathematical statistics verification
and back substitution verification which means the original data being returned back to the Bayes
discriminant functions. Under the premise of identifying the standard of evaluation and classifica-
tion of cultivated land, the discriminant analysis algorithm has a unique advantage in analyzing
and classifying the fertility situation of cultivated land and predicting the grade of cultivated land.
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1. 518

Bt 77 thAR B Gt 77, RARAERS € R . 05, BRI SRR PIR AR 3
AR A5 B AR EE R IR S MBI L REI[1] [2]. Bt J7K-P R emf E e KR B O
RIE, BERRRGEE R P B3], JEZ DB SR EA R E K, AP AT R T
TP, B R AT AT, Hefitidts A i, oA s . YIRS — N DR, RERE
LA IR RS T I R A S k. MRS AR R, R REREERE X —, £
FORE LA P A, SE RIS . 9SEEL (EZOREIZ QX BRI « G E sbrdEm e “ 5T
J37 TREEBA]) SR KNS AR, TR IR R OB R S SO0, REERIED, KIS tibh
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MRS B R, SRR LI MER, RIS AR ST, SR PUE H AR R ERIRE S, SRR
AR STPHTER G« LG M PR BOR T It A R, A RN A P BRI 4T T
filt RGVEA LB B S iR ERI A3« RS ) S R B 2 () 23 AT AR R (e B 4

TERE B )P 5 LB, A TRE0IR N BN Z VR T, R B EARAT AR
AE(NY/T 1634-2008) A (BT Hhth ) PPAN 77925 o I 77 V25 ZEAf 58 VE A DR - S FA i A0 S i 32 A 17 2tk
F SRAIMZESE R AP BTN SR S I I HR R, ARG IRIE SR A M R A e S OT R RIS
L [4]. REGEIREFELETEEN . 02 4 E B Rt ) PP sz e vp BA A — U HEAR
FUFEASEit g &, (FHPIRE A, TAEER. EEN—SRET T, P50 Pesi bS8 i i
BOR B F T B v E A, A RS £E (Rough Set, RS) A SCHF 7] &AL (SupportVector Machine, SVM)
SEE 4L A 5% [5] [6]. 1D3 (lterative Dichotomizer 3). C4.5. HMy sz ik 5 503 [7] [8] [9] [10] LA K2 432
5 a4 R [11] 55

F1 51153 #r (Discriminant Analysis) & —F k45 T &1 A IREALE A T Fabn B ROWLEAE, G706 THabsi
F 50 R B AL, AR XD AR AT 2 K 2 e Gt oM e AR AL A A ], EAk
(RS 530 oA 5 30 AT 43 N BE B 5092 Fisher 305035 Bayes #5133 A GZ 5 HIHES: . T, FIHIHr
F&—FhHL 282~ > (Machine Learning)ii A, H 20 g 30 AR LUK, EEHREIE. ASCHEBA K Z 5
BRSO H 25772 [12] [13]. b, Bayes #1%)(Bayes Discriminant);&—#hLL Bayes %/l (Bayes
theorem) A% L R HIA 43 AT 7700, EARAE T 18 th 209k 22 35 2 4 K . K2 240U Thomas Bayes %%
GuitF AR, WA MTCVERESR AR — A HEWRAR BN, R EE S FYR E AR TR OC (1 S IR A
REFIWT AR VEER, B S 2. KRB HM RS EZ, WZJE VR 1 v] Be it &
Ko MPEFMPLERAHE, BB TR R BN R AR, R 258
BN, IS ARRE 5 1A DA S SRR S H e, XA Bayes F 5 43 A AU ER R AL
[14] [15] [16] [17]. Bayes 5l 73 #r7E E N7 5BFAL[18] [19]+ MU T [20] [21] [22]+ W 5573 #[23] [24]
SBHKI[25] [26] BARIZWI[27] [28]. & BEULS[29] [30] [SL]FF UL iz, (A LE LT &R+ Hh BE
PR TR D Wo AT 22300 Bayes B 4B 5] A Bt 7g PPAN S, BRZE — 26 IXHORUE |
Ht bt 7753 ST 2 o= H R A TR AR

2. W5 F%®
2.1, BHEKIE

T 7% DXOHE B T M AbymT 48 E LR, Hb AR B4 35°17'~35°50", ZR 4 113°20'~113°57' 2 [a](& 1), E
FIEIFL 2007 V7 A B, BEN UM RAT IR, LR AR 1007 km?, SPJEIEIRL 783 km?, FEFE 217 km?,
ST R TETAR 5.34 x 10° km?. ASHIF 7 A 35 B IR M L i - e 7 e AE AN 350 B HA i AN
(2010 4E~2012 4E)FREUBH R Z 3@ M A . IR RO . B8 R b A R K
BOHTBAT I 3 . MR BIA5 A e BpE R 46 . 2012 4F 5 B T AR 08 A b 3 A 1 B B A AT Mk vt
Hubb 77 5 R R VPN BORIFE(NY/T 1634-2008) ) 58K 1 4 ittt Sy vPAn TAE. seiid #2, DL3E
PRI = b R FH AR B = A 6 B B AR D Bt b, g R AV e, R EUR 2 T x ) STy
TE(X, )~ HERBRAFE(X,) TIEEBER(x, ). ARBE( X ) AR ERE(X ) FEBIRIEZR(x, ). HEBiAE
(Xg)~ HUZRATY(xg ) LA HIR I FE (%, )55 10 /N0 L T A = ek RE s K L DXl Py 2 1) 28 S5 B
AR R 75 E A SRR v SO0 A 77 5 R U110 D R AR Ak J0 P F A Fa bR [32]s I 2 IR HT
%, BV TR AR S I TE A PR R T IR 2 A TR, TH R AR B 7 R SRS IR
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Moy ESERHRAE . BERLORAIESR . FRETRE ). HUERERA . SWSCR R SEME S R I E S, HRJE R
MEZFIT G, TRAPTS R, DA R SR DR 35 R 55 2 B R 7 R R /R 4R
B8 ST DU AR PP Ak 0 82 ) 5 o o

22. MRAE

2.2.1. Bayes ¥ 3l R &

Bayes 51 73 #7 (1) — A FEAABR AL XS FTiE SO0 R OER)EHIFE AT O — @ VR, 8% H e S 2ok
WRIXFPNIR . Bayes )5t 2 ARAE SR IO SR B ME R, A0 (1) P 2 403 2k 0k B e INTTEAT )40 o ZEASHIE
KA IX RPN BT 0 KA ERE I S R SR G, G, -+, G, BN EMAE p S AL

RS D ARG RE . G, = (X, Xy, X, )+ I p ARSI R Ry, R o P IEIEAAM
BIEG ~ N (1,2), =12,k A B33

fi (%) = (2m) "2z [ 'exp{—%(x—u“))/ Zi'l(x—u“))} 1)
05 0 A 4 T A S5 B0 G, -+, G+ St D P 625 M i B
EbHfi e (% 1):
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Figure 1. The map of the location of Huixian City
1. FEETHIEMERERE
Table 1. Prior probability of the land evaluation units with different fertility classes
# 1. MREXFEMHZFRHFUITMN B T a1 HER
e — T =1 RS
Atsg)
Cultivﬁiﬁlﬁﬁ rade First-class Second-class Third-class Fourth-class
9 arable land arable land arable land arable land
TR
Area/hm? 21230 20500 15110 3160
5]
Proportion/% 35.38 34.17 25.19 5.27
14 W S22
Sl 0.35 0.34 0.25 0.06

prior probability
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e TG0 | REAEE A D ) 82 J SRR L (/i) AR A R .

W (j/i,R)=] fi(X)dX, i#] @
BT AR BT R R [34] 9 :
o(R)= S0 L (iAW (3/iR) =3, SaL(if) £ ) Jox ®
RN SN N e AL el A R I VEE vt RS
P(Gi/X):—kqifi(x) )
2,91, (X)

P (G, /X ) =maxP(G,/X ) I+ FAk X BEAL ML A4 h 110k G Bayes I AMHT A A3
BRI AN p AR AR RIS, (A E B MR, IR ARS8 PRI 47 B N [35]. L
ISR T LA S i PR A7 B e ROk, MR BRI R i, TR
B S R AR TS0, B y, (X ) = g, 1, (X ) BOK[34], p FEIEAS 404 PR MR B LA (1)

A7, (X)= |n[(2n)°'5" i (x)] » T R %3] [34] 09

1 1 o — 1 i) i l; i
Z-(X):Inqi—Eln|2i|—5x2ilx—5y()Zily()+X2iy() (5)

Ja S RAC N

p(e,/x) = PHA ©)
;exp{zj(x)}

TARKIH SRR X RNHBIR, B Z, (). 2, (x) BRI G IR RER
P(G,/X) Ak, JAERER X AT G B SN i,

2.2.2. Bayes #I5l#&16 51&1E

O WRRER Hoe o =i ==

BRI S A, AT RO k> 2 BRI, R K
SRR IIVP N BRI B RL TS A%, IR AR ST 3]

I )

A(p,n—k,k—1)=|L -8

Lo 98 AR VB 2B 2 B L, = 3L

=1

B UM B 2 B = Zn( ~X)(x0-x)

HigEgiEv =—(n—1—pTJInA( p,n—k, k—1) UM B A p(k —1) B9 22 20 A, H4fE p fEK

ANFIWTRE AR SRR B AR SRR, RIS SR AP TR AR (E A AR S, Ul WO ekt ) - 3 PEAL
PEIR Lo PEIGERSE R & E R, ISR TET SR AASME, WETT LW
PIZEXT A5 o

@ KBEESE Ho: 1V =Y (i j=12, ki ])
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ISR SR 2 M Z R R E, WIESTTE[34]0:
(n—p—k+Qmm ,
F = d2~F(p,n—p-k+1 8
= =) (p.n-p-k+1) ®)

RS T E A p, A BEEHE R n— p—k+1H9 F 500, o ARIAS R o R B -

2 :(zm _ )zm)' S-l(;a) _ )zu))

Lo
S YL R s S =2 = 1
n-k n-k
I B R IR, DU R 1M 1S ML SRR AR,
EIER—AR, A R R MR 5 TR R R FARRIEE, LRI %
HOAHRRIS, HIBREA K.
3. BRETR
3.1 FIBIES AR
0 (M U 5 I B HOR BUE(NYIT 1634-2008)) , I BHIIF I 48504 4 )
BB, BRI R LRI ) TIEETRE(, ) HORFRARE(x,). HHI(x, ). %0
() ARG R () MEBRRIER (x,)s HUFAE(x,)s HOSATO ) HEIE (o) 10 MPIET
we o, 1020 3. 4 MU HUSARRI SIS 09 0.35, 0.34, 0.25. 0.06, HE T T X - AL 7 it

FEITH A bty 73 PFAR rh A PR P AR B 060 it b g 2 PR AL B HLT I SR s i, SR B B AR LR
PO TR R S B s 2 A7 e 0 iR, SR RN

IFl = fx + %+ + f.X, 9
Forb, IR BRI RREG f OB B RIETE Y, X PP TR . AR B A I T 2 AR R A
5, HEONZ IR B8, RGN P A E SR Biads R ORGPt T 4a %, MGt o)

Br L E SPSS ISy Hriside, 5 4 AN 4k Bayes FIBI BB SRS, 45 RIINE 2.
H2e 2 Wil B AR B R BN 4 DD D) 55401 Bayes Il kL, H AR B ATEN RITHIH
Hudth y4R%, SIS HAMERBOE A
Z, =138.120%, + 65.255X, + 53.563, + 226.449x, + 259.720X, +341.849x,
+34.822x, +160.030X, +89.433x, +138.956x,, — 454,234

Z, =126.895x, +58.882x, +56.784x, + 211.825X, + 232.774x, +313.147x,
+31.463x, +155.024x, +82.857x, +134.640x,, —392.033

Z, =112.016x, +47.279X, +55.777x, +194.910x, + 211.605X, -+ 286.183x,
+26.852X, +145.853X, + 70.403X, +128.033x,, —314.129

Z, =99.097x, + 40.423x, + 38.759x, +177.568x, +191.291x, + 267.767x,
+22.129x, +131.919X, + 62.706x, +105.360x,, — 245.494

AR PN B TT RO SRR B AN 4 AN SRR A R, 2 Z ORI, REATR
NI BRI R, TR REA RN IZ — 55 4% ST 70 X BT A B s P4 B 70 i AR S i AT
Bayes %! s i [n Ak 35, 45 RAINK 3.

SRR RATAERFING DL, BRARBORL st ) S 08 —SE B LT AE Bayes FIBIMIN AT 283 4
P RTINS, 148 NP R IT RN =S, AN BT 54 ANRKDN A, 23 AMRHN
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Table 2. Coefficients of Bayes discriminant functions
5= 2. Bayes FIB R R

Fithts 1725 2% Cultivated land fertility grade

Independent variable Coefficients 1 2 3 4
A 138.120 126.895 112.016 99.097
Surface soil texture
| HIRHIIASE 65.255 58.882 47.279 40.423
Soil profile characteristics
MO A 53.563 56.784 55.777 38.759
Surface gravel degree
o bEemddR 226.449 211.825 194.910 177.568
Rapidlyavailable potassiumin soil
. AT N 259.720 232.774 211.605 191.291
Auvailable phosphorousin soil
e
%ﬂﬂ)ﬂi R 341.849 313.147 286.183 267.767
Organic matter content
. @Eﬂ%ﬂt% 34.822 31.463 26.852 22.129
Irrigation guarantee rate
ok
_ﬁF/?? HesJ 160.030 155.024 145.853 131.919
Drainage capacity
H > ]
ﬂﬁ%ﬂ%i 89.433 82.857 70.403 62.706
Geomorphic types
S5 138.956 134.640 128.033 105.360
Ground slope
i ~454.234 ~392.033 -314.129 ~245.494
constant

VOS5 DUSEHBIF AT o0 139 AMRHADY =55, 50 - Be 77 e AL T F T F i e EL 7 Bk bt 0 1740 B8
FALE, RHAIZHY 10.9%.

3.2. AR RS0

IR A7) MaE 4E R e ge it &, THIA R A (10,5918,3) = 0.556 » R H IR B H1E A
30 [f] 2 ARG, 7°(30) =3473.0025> y2. (30)=53.672, HIl Bayes I 5 e Bt it 11254049 3k
R HIMEA N 99.5% . %l A5 B st ) 45 2 2 18] 72 7 10 i MR EAT AL IR, M IR 237 E R EEDN 10,
SrREE BB 5909 1 F A ARGttt i, 1 53] 4 S5 MRS SR L R gt 45 Rk 4.

A F AMIEFER, R, (10,00)=2.23, TNTH 3 i 2 ML FITHEAE, BT
DEBEHPF A B TC ORI BT R AN R 3 S5 R ORE R Ty 99%. 25 BFTiR, AW FERIEE ) Bayes 1% o £
XA R AR Ty o SEE— R R GE R AEAT M, ATTIER] Bayes 1%\ b8 HO8 F T8 st 75947 1
ARNE, BLREHLIEL 20 AMFEAS (403 45 55 T a0 i L WA 5.

*FRONFIRN G R G R TORAR —SUOREAR . W3k 5 BRI, WEETREAMR N Bayes FI5I R $4E R
BRI NAZ BRI BN LSS AR SO ) JE B 2 e R, X — S RIA AR A BT R M 0 552 BEHLARER 20 A
FEARIC, A 2 N, JRE T E

1) AHTFRHI Bayes FIANEF & T & HHH AT TR S I0MERS, ARAE I A5 DI VEAN BT & M
AESRAZ IEFD 20 B B0 A AR, TIPS S Be e, T - E 77 e M 35T T Jee o e B4 i B ks 7 97
AN 5 BAKAUE TSR IR, 2RI, —FHKIEN G R RSB AR.

DOI: 10.12677/hjas.2017.75042 323 Al L2


https://doi.org/10.12677/hjas.2017.75042

EME

2) W -EBCTT AL F R AR S Bkt v Rl o> SO BT RV oo S Bt 2R
EHURIE RBUIR M2, MRAE TSR S TR BN AR, ARSI i 5 1B (R RAR AR 1 S8 . AT U
REHLES 5 S1 ST Bayes FIBIBREL R FEABERACNBREL, MRS bR BB /N FIWTREAS T J 3 0 S 20, 3 SR
i 7 AR RV i 2 R S BT REA VA S xE DLy, B A th S D (R

T I Bayes FI 45 RS R AA BRI — BUB IEW IR, AR e& B A 56 A 1R A2 10 38 iE, Bayes
P55 Tt g S RN AT AT AR

4, FELR

1) FrE ST R BIE TR Y], Bayes UM AT SR M BRI S AT LU T 2 4LH0) HE,  fE %
Bhny 2RISR AGHIFEAR TR FI R U A BRI R 77, ARG T Xt v e i it 7
LR A, BA M EEE. mAL RS

2) Bayes FH| 73 SIEAER SN RV EIEARILZ N, AREZPRATIRIE, SR S mA K,
BAGE X NARE, REENEFA AT FEbR, ASCROZIE TR E Tl A eI B) . FrES
156 (— SBORBE, A BN (AR AL A A BLA) 26 AF I OB A 7 i, 3 S A BRI s
WA IR 2R SEBR R VAN AR HEAT SN s T 45 5z F%, A E PRI Fa e A b A I i, 3k
SESHIVMESE ES-S & A7/ NIRRT =L

Table 3. The results of Bayes discriminant analysisfor cultivated land fertilityin the study area

3 3. ARXHihi HERFIHIER

Iy— - o — = e .
L R mosy e b o it o T it
Original level —— Coefficients irst-class econd-class ird-class ourth-class Total

arable land arable land arable land arable land
—%5
First-class arable land 769 0 0 0 769
A
Second-class arable land 283 1396 148 0 1827
=55 0 54 1602 23 1679
Third-class arable land
I <5
Fourth-class arable land 0 0 139 1508 1647
it 1052 1450 1889 1531 5922
Total
Table 4. The calculation results of F distribution between levels of cultivated land
4. SFRHME F oHITEER
— & TR =& VO SEH
First-class arable land Second-class arable land Third-class arable land Fourth-class arable land
A
. i 335.964 2149.566 4712.255
First-class arable land
A
Second-class arable land 335.964 1441.52 4550.76
=5l 2149.566 1441.52 1048.561
Third-class arable land
13
VS5t 4712.255 4550.76 1048.561

Fourth-class arable land
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Table 5. The random sampling of Bayes discriminant analysis results
%2 5. BEHLIHEN Bayes FIRI 945 R

B TS

10
11
12
13
14
15
16
17
18
19
20

JRAHEH TR

Sample number Original level Predictive level

1 1
3 3
2 3"
1 1
3 3
1 1
1 1
2 2
3 3
4 4
4 4
4 4
2 17
3 3
4 4
1 1
1 1
4 4
3 3
4 4

JEI MR
Posterior probability P(G =i | D = d)
—& —% =4 IES
First class Second class Third class Fourth class
0.642 0.358 0.000 0.000
0.000 0.000 0.993 0.007
0.000 0.225 0.775 0.000
0.893 0.107 0.000 0.000
0.000 0.000 0.994 0.006
0.975 0.025 0.000 0.000
0.765 0.235 0.000 0.000
0.136 0.864 0.000 0.000
0.000 0.000 0.608 0.392
0.000 0.000 0.094 0.906
0.000 0.000 0.000 1.000
0.000 0.000 0.094 0.906
0.790 0.210 0.000 0.000
0.000 0.000 0.996 0.004
0.000 0.000 0.043 0.957
1.000 0.000 0.000 0.000
0.922 0.078 0.000 0.000
0.000 0.000 0.000 1.000
0.000 0.000 0.993 0.007
0.000 0.000 0.146 0.854

BIEGT 010 T (KRR S
Mahalanobis distance to the centroid

1.045
.190
3.945
.204
2.365
124
.615
.709
4.406
3.136
4.427
3.136
734
3.271
1.708
.615
.188
7.146
190

12.732

E&UH

[1]
[2]
(3]
(4]
(5]

3) Bayes FI5| 73 b1 ¥ E 2% FEHF FUN RIS IGME AR AR, X LR ZON S0 45 R B RS M
FFHAE, A7 L0 e I MR R R I K B W] LR, ASHTE TE D 22 1 BB AR IX — AR, 4RE R
i = B R BRBE R AR IR RO IRAR A b2, Bayes HInI S AR R

X AR ST “ 5T 70 SREE B - PR BT A2 & [m] IR R ) 3y A i B 7T 7 (40971128)
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