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Improved LightGBM soil pollution prediction model based on
mixed strategy

L.i Wenjie

(School of Information and Communication Engineering, Beijing Information Science & Technology University, Beijing 100101, China)

Wang Zhangang

Abstract: With the rapid development of social economy, the proportion of heavy metal pollution in soil pollution is
increasing, posing a huge threat to the ecological environment and people’ s life and health. Aiming at the above
problems, this paper proposes a soil heavy metal pollution prediction model based on the improved mixing strategy,
that is, the optimal subset of characteristics is selected by random forest, and then the LightGBM parameters are
optimized by random search, and finally the Nemero comprehensive pollution index of the soil is predicted by the
trained LightGBM model, so as to obtain the soil heavy metal pollution status. A certain area of the North China Plain
in China is used as the research area, and the prediction results of RS-LightGBM, LightGBM and SVR models are
compared. The results show that the mean squared error and mean absolute error of the proposed model are reduced by
69.09% and 39.09% respectively compared with the LightGBM model. The coefficient of determination is 6.11%
higher than the LightGBM model. The above results show that the proposed model can be effectively applied to the
prediction of soil heavy metal pollution.
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154 T A M 2K B gE . AT = Lt T EE T R L AR AR
(random forest, RF) it f& B i o 7 7Y S #F ] & [ 15
(support vector regression, SVR) & ¥ X} + HE 5 4 )@ 75 ¢
ARGLHEAT BN L AH )& SVR Bvk 1) P B 52 20 8% ek BORTE 51
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FH I 5 AT i R 45T R AR 1 4% 4% (back propagation,
BP) i 25 W £ A5 00, X AR A of B 4 B A0 22 B0 05 R = 1
3R ARAEIEATI , (H & BP $ 28 B 28 B 7B AU (H A (E ¥
(B3 FRAPLAL B v A0 0 22 S s BE s i R 2
TCHETH AT 5 1 T FE S AT R A L S SR S e
FHORUR H R % T 1 N B R R R 2
AL S S 2 M R 4 X R A R AT R A BRIUBE ) R AR
I AR 28 SEEUE A RF & T B 23 A A AR S EOME TR A
HREEARMAZ, F—F R AL 220 k5t +
B R E S B AT IR RSO L SR T A% Gt By Hb e T2 T vk
TEMATERAISEOR M LA 2 4 1 128 28 57 ok 80
PG WX G100 2 () 45 4 TS BUIG (DR B I 4 (B 45 2R
T KA ) R 5 2% A ™ SR A 2 ) 4 0 + I A B
o TN K 75 e XUR BIE 5T (HL B 22 T 45 A7 TE 5 B A R 3 e A
{ERE e R N B R TN e N7 ] <P R U Nl e i D
Bl BRI T LA & W 4 RGeSy B P2 TS G T
WJrek . HR2 52 M 4 I 95 7% ZIH AR AR 09 i 18], 24
SR M TR ARG B T EL LA Al SR LA R s SR 2
T3 1 B B AT TR AR B, 5 S B B 1 L T AR
K MUZITEARE G ZHH.

o f% PR BRAG TR O 35 A7 AR B IR B, AR SOR R AR M
B % B B F # (light gradient boosting machine,
LightGBM) iy F $I| 4 ¢ 1 4 J& V5 Yo W0 448, F B 25 &
RF AL & (randomized search, RO EH XL TFIR S
KBS Bt Y LightGBM 18 4 @ 5 e AR T, %M T
FIH 270+ SR & R WO X R NS 25 A T Y
B, 5 5 2 RS R T 5 ik AT A, AT 56 T B A Y
ARES . SISl R A T BT IR AR T () B 45 R B A S
BE L IF HAR R 48 AR R 280 SR s (8], S - 498 05 4 1000 450 458
Sk R R A T vk

1 ®HRAFZE

1.1 EXRFIE

RF 238 52 A5 755 (] 3y M 588 B P il B o AR, L
BN YT 23 BIAG N AN g st . 4k i B b o il 3
BIBUHE TR S “ 48 S B8 ” (out-of-bag, OOB) ., RF 44 ik #
SR R 4 A BRI 15 22 ok B R R AR k0 RE O EE SR L, AR
J 1 3 — E B O v R HE AT AR -

LightGBM & 2017 i 442 th 9 — A~ 36 T 46 [ 52 7
e B (gradient boosting decison tree, GBDT) f#) g i3k &
IR BT U0 SR B D AR D R R AR O A
LightGBM Te i Fi B 77 ¥ 5 ¥k (Histogram) 5 3% fe 4 53 2
A HER b G G 5 0 B B2 R B B 1 (gradient-based one-
side sampling, GOSS) fl & F ¥ 1F 4 & & 7% (exclusive
feature bundling, EFB) 3 AKX 45 22 > 351 78 rh R A 5 72 Fa
K% o H EFB B E R B RHEIR G E — A, A
T AR AR AR 4

=R
QEJ

RS Hi Bergstra &' 7E 2012 4F 2 . KB AT %
MBS A G, RFEMILEFET N ES BN
REME I ¥ HBE AL AL 5, 1T 55 FE WL 3 B 1 8 5 ol & |
LIRS -8 Xy Wi NI 2
1.2 ETREHRMMA LightGBM T il 42 81 # 33
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14 i 26 B0 B DEAT TIUAL 2R L £ 45 X B 2R (B 0 (B
ab R,
2) % 1 RF $2 0 B0 B9 45 A 48 45, T2 B B9 B8l 46 .

B SR A RRE A9 T A
imp :%Z(err&-,*errli) (D

Her, errl, i = 1,2,3,++,N) RaRMH N 4 O0B,
PRI R BRI R IR err2, G = 1,2,3,-+,N) &
TRAE LA AR AE AR LR A AR A I e L T
MR B 25 . SRR R E AR U M I HE S
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¥ #H K

I M T8 LB RRAE I IR B KA — A RRE 7 A —
AL ) 4 A R AR R 2 HAT R AR .

1 &
err = N;ern (2)

Hrp, err, XRH B —RAFMEH A FH OOB 1A
BE BN NRE., BE -4, AR IE N ERE
#S G5k, BIEHAH err B/NRFHEA S E IR A E
BEARAE

3N 3T 104 B 4R xS U R AR AT AR

OFFHINGRERT LightGBM #1745, 3F 3 1+ RS T
EEB BRSNS SR A R,

g X A AZS T, Hdr s R RROE 4 5 3% Pb.
Zn Cu BT s {1 sxes s, ) N n DML G340 5L, H
ox, s R, HIEF X asin], e 5 OB BE 3R AR
o R PR REU B RN (g ges gt R
SRR AR B R R R (R B 25 5 O MR IR (B 2038 4 1
AT A, ST GBDT (Z B W5 3G rE
SRR, B O SRy g AR B — R A R
2, PR T 5 DARAE 5 HERIE(E N d by 22 25 3%
AN

1O D g0t Y gt
o = — zieo;w:—:d J,ieozx,ij;\d (3)
A () o (d)

He,n, = D 1, € Do = D I[a, €0:2,y <
dlsnlo = 2)1lx, € Osz, >d].

R — IR R E R R Rk e B AR
d; =arg max,V,(d), FHITBERRKWYER V), KRG
P BRI j M EIR o) A HI B 264 T 5

BEIF ] GOSS BB B AR AR , B S I 25 520
R B AT B 3 HE B . DR B N 25 SE 0 BT @ D6 B JE 52
Bl R — LB A HRXFF & A —a20) 5
A, FBEYLR O 2 PRI o | A | ASSEEE BB
SCHISE B NS REA SR, RIS 2% V(D)
XFH R L HE AUB #HATHRSY. V(@ HEAR
W

€B
1—a 2 1—a ' " 2
— 1 (Z]gi+ by E‘Q) (2§;+b 2"'1)
V=—| 24 €8, = €h,
j n n i
n; () njr ()
4
ﬁEP, A; =xz,; &€ A:xij <d;Ay = X, EA:JCi, >d;
l1—a

B =x,€A:x,;,<d;B,=x:. €A:x,; >d; B

RAE TEE T BRI B S 47 SR 04 1 B3 % .
Hrp,a.b B2 Light GBM #E AL S50 — &8 4>, [W i

A B R H S B, I n _ estimators, min _

samples split, min_samples leaf &, A RS 18 %[

b
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LightGBM W RS HA G . A ENMESHEESE AW
REERAH ; 28 5 BB S EOPT RE B T AL AN BOT 4H 45 . 2
B ERMEN AR LightGBM 125 fie J5 8 H AT 28 X5
UESRAS M3 77 12 22, 04 HAE LIk RS 45 K 137 A ofi
ZETR BN GRUELNT o 3 0715 22 B/ S B 5 1E &b
SHAMHE.

557 P 3 A R AT D 3, 20 TAEASE TR ) 0 AR
1.3 EREREITNER

TN BT 4 A 15 Gl WO AR A AT I, A
SEH B T B R B(RY) L 7 iR 22 (mean squared error,
MSE) 1 3 44 %} 1% 22 (mean absolute error, MAE) 3 > 4§
Bt PR A R 5N

D=y’

R e —— (5)
Z(&z—yi)z
1 o

MSE = 72@1;7%% (6)
1 =

MAE = — >, | fi= . | @)

Hor, y NEGE s £ R TINE s 3, N 3E 0 D9S2
E4.

2 XBWELERSWN

HEm A2
WFETHdE 215 T 2020 AR AL 7 3L X B R 42 1Y 322
MRS BMEARUT S XTI EESESE X8R L
HEE4)E 42 Cd.Hg,As.Pb.Cr.Cu.Zn.Ni,

fii  Python "' pandas & /) info 28 0 X% 048 4811 4
B, RBBAE AP TE G R . I A5 T8 B A6 A5 B4 vh 2
R FEE, LA WA R DT Q — 1.5IQR i KT
Q.+ 1.5IQR MMEHE RN FHME . Hib. Q A Q, 43
oy 25 V0 AL ER 75 0 ARG IQR = Q, — Q..

B 2 DB Ak ST S ARTE B . R AL BRECHE A6 TR [ 0
2, WE AT LR R h R a2 7 % E,
HIFZHMAERT Q, +1L5IQR WM E., SR PILRw(E
BAEGRIAE I B AEAbR b B . A 2(b) BTR .
S AEAL B 5 R AR AT B TT LUE I & A0 3RS Y B
REET EFLGZHN NFTESEREHEREELT
WG HMEIE S E A
R B B R KR i R 2 R R ) o B s &

2.1

AHCh i TR AL B
Ty — X . .
X, = 7. b1 = 1,2,3y 03] = 1,2,3,,p
(8
H, 2y BB ADREARNE ) ASBW S EE; T M

o SRR AR BT R AR B R A Y E bR i 22, Ab
PHATAS ER B0l . R 1 TR,



EX A F R TFTRAFRKEY LightGBM L3 5 4 Fal 28 %16 M
Q o
500 ¢ 120

ZA) 400 : 20100

py 0 80

E 300 3 g

L e i 00

4T 200 8 < S

= ° g E 40 %_

# 100 i % ; # 5

0 = o =B : % ‘ of — — %
Cd Hg As Pb Cr Cu Zn Ni Cd Hg As Pb Cr Cu Zn Ni
ERGE ERGE
(a) BE B AT B (b) FiE B EHEE
B 2 oAk #AT A A E
x1 RELLEZEHEE
FE Cd Hg As Pb Cr Cu Zn Ni

0 0.541 617 3.164 893 —1.127 840 1. 168 181 2.456 910 0.824 415 0.476 438 1.149 031
1 —1.092 112 —0.840 986 0.572 049 —1.334 248 —0.176 877 —0.409 655 —0.576 726 0.558 350
2 —0.683 680 —0.306 869 —1.263 271 —0.217092 —1.287 199 —1.264 952 —0.594 989 —0.942 965
3 —0.071 032 —1.108 044 —0.861 649 —0.568 198 —0.228 520 1. 015 838 1.176 518 0.706 020
4 0.133 184 —0.573 927 0.618 749 —0.823 548 —0.086 502 —0.022 736 —0.461 060 0.509 126

2.2 4HEEE

258 RF $RIEESE, B ox) 8 F | & W c Rt {7
V4 A3 BB MR 55 R, N 3 BT, B B 1 p v A
RIK S Pb.Zn.Cu,As . Cd.Ni.Cr.Hg. T T ## %A 52
PrA ol , 54 SO 45 R bl I ST B A B 2
HARIE SRS RS .

R X R AE AT RERE . MAFAE 1A A G 8 : Pb. Zn,
Cu As B, H err fe/N, S5 [ TR R 256 224 3 15 B0 45 20
Pb.Zn.Cu As X% X -+ HE 5 4 8 15 R STk S 82 - B A
PEFEAFE Pb.Zn . Cu. As,
2.3 HWESHFR

Gt AR SR IS % Pb.Zn, Cu, As 21 5 5 PR R 1E T
o BEUREE 17« 3 W L BIRENLRI 43 274 AINGREF

Heg 48 A4 .
Cr_ TR A W B 19 LightGBM T I 452 7 e i RS,
Ni {ifi Fi Scikit learn f# RandomizedSearch, [r) 5 {5 Fi 5 #% 8
5% % (GridSearch, GS) f 9 % e 55 50, 80 3 RS 1973 2™,
& cu 5351452 % n_estimators, min_samples_split, min_samples_
. leaf . max_features.max_depth % & 7 §& A% BUH 71 [l , &85
b RS #1 GS th 4k, 43 5045 BIB AR A S 8 & RS HCR
0 005 010 015 020 025 PR BBGAME, Ik 2 Fis .
HRENS A ) 00 7 2 T 15 4 U0 5 B 4 43 S M R T
B3 AT R 1 T AR LightGBM B R A6 4 b B0 43 2 41 3 /s 25
%2 LightGBM SH R AL E
” _— AL
2 ZHOEE RS oS
max_depth [5, 10, 15, 20, 25, 30] 15 10
max_features ["auto’,’sqrt’] ‘auto’ ‘auto’
min_samples_leaf [1,2,5,10] 5 1
min_samples_split [2,5,10,15,100] 100 2
n_estimators [100,200,300,400,500,600,700,800,900,1 000, 1 100, 1 200] 300 100
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¥ #H K

H, A LIE H RS-LightGBM Ml F GS-LightGBM: MSE
# MAE Bi84AR 43 BIEAG 15.0%.1. 66 %, R® 54748 &
0.52%, H GS {#f Ftf E] & RS {8 FH i [8) 9 246. 99 f5, 4
MR A, GS 1E 5 6 o1 G610 2 30 & B 3 50 A5 1000 45 21
BRI A BT A A ) [R] b g A, HE B L A1
LEA LA T R R B B Ik RS itk S5tk ik
Hik,
x3 FAAKUAESARILUTULE RIS
i MSE MAE R? T F it 1]

RS-LightGBM 0.0017 0.0296 0.9739 59.49 s
GS-LightGBM  0.0020 0.0301 0.9689 22 min 36 s

2.4 BEERSN

¥ RS- LightGBM, LightGBM ., SVR ##, ¥ H 5
PR BIVEXT b .y 42 5 B B X b 2 S P R AT SE L 4 A
RAY A AH ) 2 42 A el 4R HLUNGR 4 Aol il 4E 22 1h o
17+ 3, ¥ENHWBESELE T EBENT .

HTRAWRM A LightGBM il RS-LightGBM f#i
MRS MBS, BaLil AW, B RS HKEMESE
JE—FEH), Hoh n_estimators 2 300, min_samples_split &
100, min_samples leaf Sy 5, max features A auto’, max
depth 34 15, HoAl 2R I B BOAE .

LightGBM B AN SVR 8 T AR 45 B 5k R e F il 5 &
BHETANTIHS 5 B0 5 8 H G 138 R0/ #&
R AR A AR 0 0 A B2 o 452 1. X LightGBM AL, num _
leaves 3 29, subsample & 0.6, feature fraction & 0.7,
learning rate 24 0.01, L S R B L ®INE, X T
SVR # A1, kernel 2iyrbf,C 0. 06, gamma Hauto’, degree
60, HAi ZECR AIH EBOAE. B TIRG KSR H#HR
LightGBM, RS-LightGBM, LightGBM, SVR # &I (1 [~ #f
B EEA V5 Je s BTN 45 T xF a4 TR .

" -+ RS _LightGBM
+ LightGBM
-+ SVR

-+ real
+ RF_RS_LightGBM ,_

.
AR
i\ i
.

30 40 50

0 10 20
TGS

B4 WD GG vs G g8 BRI 45 R 0t 1

MR 4 B L 25 S AT L)L B B E Y, e B Sk
A6 UL B 3o B0 £ AR AE 4R B 2 )5 AR A5 0 3 TR & R g Bieatt
By LightGBM £ B (RF-RS-LightGBM) , 7 I % & 46 1t
LightGBM # R DA K4 55 i) SVR BRI = 1R &2, AU 45
KB FARUE(E real, A FIF LA 8HR. IEH RS
38 LightGBM MRS HA S, Bk T AT F R

o 14

LightGBM £ MES 8 EMME . HE T IS0 48E T
T E HER R . [, RE RRAE 52 BO A~ 7 8095 22 18] (4 70
& BRAR T N [RV B9 22 18] By A8 S, B 1k TR0 AR AL LA
I HB A B T B AMER ST,

J T VAR TR A R BB 1) Light GBM 5 # 5 H,
b, 750 ALY 4 P B L AR SC4R B R*VMSE Rl MAE #4745
BIPAL . Nk 4 FiR . B3R 4 7JHL7E R* \MAE K MSE #4
PR B TR A R BRI ) LightGBM il # £ (RF-RS-
LightGBM) # 4 F RS-LightGBM, LightGBM,SVR # #
B 4G LightGBM # 81AH 1 SVR £ 54 . MSE 1 MAE 7 4
FEhR AN M AR 33.73% .26.25% ,R? $8FRIRES 4. 77% i
A LightGBM #8E R L T 1% 45 B 1 198 51 4 Jis T 00 85 A
fied Bi i 5. £ 30 RS 15 2 RS LightGBM £ &l 4 [
LightGBM i #1. MSE # MAE W 4 8 4% 4> 31 B 1%
60.0%.31. 892 R* #RAR4EE 5. 27 %, IFH RS M ILF A
THESHEMHERKERT. ZETFTRAEKB QI D
LightGBM # %I 4 . RS-LightGBM #£ %1, MSE # MAE
P~ 45 4% 4> B AR 22.73%, 10.57%; R® 8 7 2 &
0. 80 % , UEBH Z2 0 - AE 48 U 8L 1 & R AF 22 TR) 8 AH G 7=
AR L RS T IS E ., LRI RETIRG
KW U HE B LightGBM BRI WA & i &, B A H A
e,

R4 TREBMUERERLE

LR MSE MAE R*
RF-RS-LightGBM 0.0017 0.029 6 0.973 9
RS-LightGBM 0.002 2 0.0331 0.966 2
LightGBM 0.005 5 0.048 6 0.917 8
SVR 0.008 3 0.065 9 0.876 0

Sy —25 E U B A5 R + B 4 R U5 4
Ty T ZR B K TR G SR R GH 1 LightGBM #8151 45 Fi 3
HRMEXREFERMEE R R, ME S iR, WE S
I LAE B FIR A G I 9 LightGBM AL FY 4 %]
IRZE /N T HAAER, H TA 4 xHR 224 40 4 4 0. 10
. T RS-LightGBM,LightGBM fil SVR B Q, fl&s A {H

0.30 °

0.25 o
s 020 ° o
?é 0.15 °
# g 2

0.10 8 g

8
005 &
0 i — l J l —]—

RF RS LightGBM RS LightGBM  LightGBM
AR BP Jy ik

A [ A TR 44 o] 158 2 46 T [

SVR

& 5
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R T HE TR G R 89 LightGBM, H 23 KR,
H— PR TR A SR 2R B LightGBM A R F3 4%
R T HAT,

3 &% it

AR SCHR TR A RS M 1) LightGBM [ 1 3 &
&R TR WM AR, AR E T A R ME R R AR, 5
LA TS FER S5 (A8, 0l i LA B N T 458 .

5 GSH . RS AR MET GS, I Bt EZ2EH
1/246. 99, \NTTWk > T8 06 2 B AR R BOITAN, 8 5 T S48
HWRME,

RF A%y A S 808 B 04T PRAG X R L 4
J& 15 YL AR 3 AT I 8 » AT B0 8 X R 8 )R V5 G 3 e TR
BEMEER., £t RF FAERRZ G K RS-LightGBM
A I RS LightGBM #£#4 . MSE #1 MAE B~ 5 4% 2 31
Refl% 22.73%,10. 57 % s R® #8454 5 0. 80 % . T 2 J5 4
V5 Q1AL (BIE TARR S %,

T IR A KIS #  LightGBM BRI R F +
THESEERTW, 5&5 LightGBM BLEIAH Lk . MSE
1 MAE Bi 48 b5 73 BIFRAS 69. 09%6.39. 09% ; R* #5518
1 6. 1104, BT SR AR R U ORS 3 A iR AR 3 R B URAN 4 AR
Ry R PR,
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