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Abstract

Under the background of large data, in order to improve the efficiency of evaluating heavy metal
pollution in soil, a random forest algorithm in machine learning is introduced. In this paper, Ran-
dom forest model was established to analyze the pollution degree of As, Co, Cr, Cu, Ni, Pb and Zn in
top soil of Europe. Then, the KPCA-Random forest model is established by adding the kernel prin-
cipal component analysis to improve the model, and the classification accuracy and running time
are compared. The results show that the classification accuracy of the improved model is im-
proved from 93.41% to 94.67%, and the running time is reduced from 12.530601 s to 9.437811 s.
Finally, the advantages and disadvantages of the Random forest model are evaluated, and the fu-
ture research directions are also proposed.
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1. 5|8

Bt & BRI SR AN WA DA AT 385 B (0 5Q3E Rl 398 o & ) GOkl 32 2T AR 1] [2]6
G LI BV VAR T KRENTIM A, NRHERIEN D, MULFES 5254 J5H, sk
ST R, ITERER AR 1. BEE LI B AW, 724 7 KRE KSR, IXHRe 2
ARG R I, SIANLES 52 S HF 6 B 5 M 50 SRS OR A et 252 v AR G 1o LR R
FI3] [4] [5]o HACSRT HIRE G5 w7 £ 2O R TGN R St 22057, B RAR AR
% BERAMEERRY. ZEDPE. MRS

BEHLARMOR A 2 AR H e T e h 2R RE AR AT I 25, SRR ORI, JFRe 2 000 F 5 Tt
A A A, DSOS RIG >R, AT UMLSE IR SIEZ . Scarpone S AR T ]
BEATLARPK 73 S48 A8 B 3t B i O NS KA SRS B A fE il st sl b BB IXIRIK ri%, 564t
(-2 7 i PR L, P B 5 , FL 7 ML P (R R S AN 8% i 21 88% [6]. 2 H AN L, FEHLARAK
FOLECEM) T Z AT AEMGE RS AR, B MR, SRty BRI SR 2 o, HIR
DN AE AN T . ASSCSINBENLARAR S, DARRHIBIX DA, izt X R R IR e Jm &
AT RN, Oy TR A RIS B, RERA C-A 2B INVEBT RAEAIX L.

2. 5%

BENLARMRR T AR RS, B eIZRi 2 MR, IR R 2 [ AR AT, SRS JEX S A A
FIEE RIBHE—i, FERZHIVRARITNEE R(7].  “H” ZERIET AR E & 2 M R
MR o ZITIE TSRS 205 IR 5 (e T AN 305G 1 s B s 8l i e At o0, i H e e 1
DRATP I A B R A BE LA M) 8 S DU AR Y T i, RIS the e — A AR S B R 22 07 1%, AT DAY
AT R s R 5. WERBEE R e, I ABENUARMAE 2 ST . UM ERE ). TS b
(RIIC Sl A A B

2.1. &ERF )75 Bagging

Bagging R 7 22 i@ id B BREER /775 (bootstrap sampling), FZFEFEALE N, ERIE R
K n WFEGREE A IR m ANFEAS, TIX m ADMFEART T RE S A 2 R IEBIPIREAR i, R A] BEREA j 7k
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AR H, Eid Bagging 77 GBI IIGE S RIRESMHLEL, H 632%MELER, XMAET
PR R AS B 72 F] DASG N & A2 I 88 R R 22 e, Al A 2% o) S8 IR AT RE A BT, IR A2
BRI I BRI RE ) A E AR .

Bagging [ 520 R0

BB MNIGEET = {(x,0)5(%50,)5 (5,00, )} B9 IHE L IZRUIEL T

B W& G(x) .

Xt m=1,2,---,M : B bootstrap sampling X454 TikFE, HEEST ;

SRR B O
WGET, . %A G, (x), BRI A G (x) .

G(x) = argmax ZT:I[GW (x)= y] )

yey m=1

2.2. FERER

AR SCAEA R SRR IS R A ID3 5092

ID3 BEIE PR R 2RI T8 hr, BN IR B S S B BRI R T 2, R
W RS EIERE[0]. THE R R

1) THEAREANTY RUE 2 20T 106 :

Entropy (T') = —ZC:P, log, P 3)
i=l1

Hrr, P RIRFRE BRI i SRR R S .
2) MRABRHIE 4 KB HEE T 93N k ANTEEE:
Entropy , (T) = Zk:{%o Entropy(Tj )} 4
17l
7]
3) HIARADMAR2) 15 HAE S 1Y 25
Gain (T, A) = Entropy (T ) — Entropy , (T) (%)
Ht, Gain(T,A) Fonfs BI4E
2.3. ¥IiEREHLFRIK
TELHAL BRA0 T s -
step 1: RBCE N MEARREAEE T, KA LR )77 U RA B — D RN NS T, .
step 2: B BEMEARERG M AN ENE, BEVUER m ANEMEm < M), RIEHIE R AW R, @ittt
Bk PR AR SR AR 7 2 RAEASHEAT BT RO O80T 38 VA A R — BR R S
step 3: EELIR 1. 2 hR MG AR, TR BRAR BT R TR SR, TR BB AL AR o

Hrp, S AERER jARIHIBCE, %2> 2RI Entropy , (T7) A9/ 55 .
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Figure 1. Distribution of soil sampling points in Europe
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Table 1. Statistics of sampling sites in European countries
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23 gt 15
24 Fif 51
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3.2. YiETMALE
N T M BEHUAR MRS I SR8t AR5 [ B 39 5 s 2 Bt R IR 2688l 0 9 0N Z IR (LR 2)

Table 2. Classification criteria of heavy metals in top soils under international standards (mg/kg)

2. REDREEMTE TS E2R 7 X hnE(myke)

g
He R

—% % =% W73
As <29 29-55 >55 -
Cr <100 100~380 >380 -
Cu <36 36~190 >190 -
Pb <85 85~300 300~530 >530
Ni <35 3560 60~210 >210
Zn <140 140~250 250~720 >720
Co <9 9~14 14~240 >240

3.3. Random forest HBVET SR

FAT T T R N b X S 5 ¥, 3837 Random forest 157, FI|F] MATLAB B4 4w e, WHEdE )G,
S TR R s R, IR E RS (LR 3).

Table 3. Precision of predicted results

3. NG REHE

) FEARS =
HE)E DGR AP R A R B FEHIEE (%)
%S IS
Zn 579 193 2 98.96
As 579 193 6 96.89
Cr 579 193 0 100
Cu 579 193 5 97.41
Ni 579 193 21 89.12
Pb 579 193 5 97.41
Co 579 193 50 74.09
SRS 93.41
AR 100
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MF 3 140, Random forest 5 ) PRGN 93.41%, FEHAEE AL N 74.08%, =&k 100%.
3.4, FERXGH

N T B DI RRE T, PRI S0 2 TR ARG R, AR SC25 8 2% R 5NN A BR K o
T (KPCAKIE BIFELER H I, TR i EALAR MR 1 7 1 g

3.4.1. KPCA LI LB
KPCA /Z4E PCA JEfitli B[ —FhARLEVEHE ™, FEARERARZEVE M - HAT — EEI’WE%‘[I 170
1) XN EREIRE ) T = {x,x,, -, x, | » SIANAFLRVERGT © , {855 2 8 T B SRR 2 8 F

W x> ®(x).(i=120n), HIE S 0(x)=0, W F 28

=1y o (x)o(x) (10)
2) AR K = (k)
ky =K (x,.x,) = @(x,)®(x;) (11)
3) ORISR K A
K=d(X) &(X)
=[@(x)-0(X)E,] [®(X)-(X)E,] (12)
=K-EK-KE,+EKE,

He, E, Nnxn MM, E =—.

Y n

4y VS BRHERE R fn BOASEAR (2, Ay 2, )+ BABOW BERURFAE B (v, vy, 10, ) o
5) FRARIAGIE S f 5 HORSAE T B (al,az, a).

6) A T k% FE K5 A

\/72051( fZaK \/TZaK X;,X) (13)

i=1

He, =120, A A5 kAR AR
7) e T={T,T,,-.T,) .

3.4.2. KPCA-Random forest R 7 SR 947

AICAER KPCA $EBURFIEZ 1T, FESefb T SR I AR, eI AT E A B ARk TRl T
BeAdE; 8T KPCA MHG, K Ea SR 4 B\ AN GEFERC D B DA ERE . SR F BEHLAR AR BRI 250
MK FH MATLAB 2 SEIL G MY () 70 RKE B2, SRS Rl B R g AT X b, S5 2R Wk 4.

WA ATT LU Y, Bk s OB B2 0N 94.67%, LLBGHERT I 1 17 1.26% - LA, 384T I (8] )\ 12.530601
s AiIHE] 9.437811 5. ZHREKH, KPCA ALFRMHHE AT DU T 3CRF M &ML, & 0T DU T3 = BEHLAR bR
FVER Ay RS B, XN S M B e AL AL B AR A T — Fh L

FAVEH MAPGIS A2 7 HARR) 2 R A s o, W 2.
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Table 4. Precision comparison of model prediction

4. BATUMETHERXTLE

—
TE frs T R (%) U TR AE %)
Lk ks
Zn 579 193 98.96 96.89
As 579 193 96.89 96.89
Cr 579 193 100 82.38
Cu 579 193 97.41 100
Ni 579 193 89.12 97.41
Pb 579 193 97.41 95.85
Co 579 193 74.09 93.26
SR R S 93.41 94.67
SN 1) 12.530601 9.437811

Cu «“\:"

Figure 2. Distribution map of soil pollution under random forest model

2. BELARMARE T HIRIS R E

4. EEELEM
4.1. BEEH S

ASOR RN I BEHLAR AR 70 ) NPT SERE L RS i BE AN 28 A A b AT VR A

1) MR FENE

NIAERR R A AT AE, ASCRATH F 7R3 5 e DL C-A 73 J595[12], 3T GeoDAS £
HESETRE M, WK 3,

XFECRTR, PR TR SRR S AL BRI — 2, AT AT LAt BEATLAR MR 0] B 5 AL 2 e o B
ERATIEEM.

2) ARSI L

XL BT R B, BENUARMAE L N 4/ 1 5 v, i EL St e R )P 28 70 SRS A B 94.67%, {E
TAUIA 1 J5E T3 T FAT IR S B O

3) AT E A
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Figure 3. Distribution map of soil pollution based on c-a fractal method

B 3. C-A D H AT LIRISRS

AEACLECHE wT DA 322 I o ORI AT 02, AN BRI 2, 3K A% SR 5 3 307 3 B AT S e 14
EENELNCT RV ES RPN/ TR

4.2. BERNHS

ARSI ST IR BE N LAR MR TR A A5 R AT AT B 8 A D0 T o 125 U A T X 2K 030 A7 A T8 O 5
iy, I RRCRAE, RERLHE— R FE.

5. &5RiE

ARSCAE ] T BEALRARARAAIE 78 - 3 L < i e (o) L, [ I Xk S S P BE M UAR MRS AR AT 1 ik . S
LERKAE, TR T 5 BEHUARAR G, & 18 ST AR ) AR MUE AT I 18] _E X000 T4 vf A BEATL AR bR AR
B, HiFh R 5 &G C-A 2 HIBA R KEURMTT . TR TS, BA TR & Qi sk
BIAS PT80S T R BENLARMA R, LR AT SEEL A0 sCOFAT U5, x5 e R AR 70 AR A
AEEE .
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