5550 % 45 12 0] I 7 B % it Vol. 50 No. 12
2024 4F 12 A Journal of Mine Automation Dec. 2024

MEHS: 1671-251X(2024)12-0136-09 DOI: 10.13272/j.issn.1671-251x.2024070022

HEF 4 %3¥ 5 BO-GBDT W L{Em B &R
A=A E

2

L. HRER TEERIIE BB B A R A A, 307 $i 113122;
2. WA g R E K E TS =, LT I 113122)

TE: %o TAEE M A B FOHIER S, AR R0 947 F 7 kARG RIEE 2%, T A TR, 2aK
T 0 RIS AAE L5 M, K3 D R SRS AR R 20 15 &0 43T 3% FLA, 32 246 AR AT e A (GBDT) LA
TR BTN ALA, R S AR AR AR LA AT RO R AT AR AR OR, AT A AT A AR LS/ GBDT AEAL P ag bR
AR R TR 2 R, ik sk R0k ) R R IE B ok AL E IR, AR B 8 AR AT RUATIR 2R
M, R A HIERFTN S 5T R RO R BB E R, TARIER T A B 6 B R
SRR G TR AR Ak — P SRR, W S AR TS k1T GBDT AR #4748 A 3 4K,
5L AT B — b A S 28 6T GBDT BE 6 Taml Mk, 28 RA W : FHRIL A G 25 GBDT ARA 6 # M FwiZ AL
B B A2 A T4 25 4 Parzen 453 B (TPE) 89 0ot 44644 (BO) 3 o4 FT 47 H 9 4642 5 341 42 GBDT A
b AL o % 69 A A A AR AR O 69 RALRT ], AR AL AR, Ak 5 BO-GBDT BA . M4 AEL 5 6 4
PSR o 0 4 S A X G, A BO-GBDT HEA # 4T TAF & KO i 27, JF 55 FEALA A L @ AL AP 4
W AR AT TG, 25 R AW : BO-GBDT A A £ & 09 M A iz AUk, B ¥ AR £ 4 2.61%, A8 LEAAL
AR LF AU AN 22 P AR 5 F AR T 35.56%, 37.41%, 32.03%, e ith R LA A &R, A5 %4
A RIS

RERIA: FOATA B IR AFARR AR MRS R RA; Mot A RAL; RARRAL; MEF T

H& 4325 TD712.5 AR ED: A

Prediction method of gas emission in working face based on feature selection and BO-GBDT
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Abstract: Gas emission in the working face is influenced by a variety of factors. Dimensionality reduction
methods, such as Principal Component Analysis, can reduce computational resources but may alter the original
feature structure, leading to a loss of some detailed information in the dataset. To address this issue, a gradient
boosting decision tree (GBDT) model for gas emission prediction was developed. Five feature selection
algorithms were applied to filter the dataset, and the model fit, computational time, and prediction accuracy of
each feature combination in the GBDT model were analyzed. The wrapping method was identified as the most
effective feature selection algorithm. Based on field conditions, 8 optimal features were selected for prediction.

The results indicated that the number of features did not necessarily correlate with the prediction's accuracy or
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generalization capability. In fact, redundant or irrelevant features reduced the model's prediction accuracy. To
further improve performance, five hyperparameter optimization algorithms were applied to the GBDT model. A
comparative analysis of prediction performance for each hyperparameter combination was conducted. The results
showed that the optimization algorithm itself had minimal impact on the accuracy and generalization of the GBDT
model. However, the optimal hyperparameter combination, obtained through the tree-structured Parzen estimator
(TPE) based Bayesian optimization (BO) algorithm, provided the highest accuracy and relatively short
optimization time, yielding the best optimization performance. Thus, the BO-GBDT model was established. After
feature selection, the dataset was divided into training and testing sets, and the BO-GBDT model was used to
predict gas emission in the working face. Comparison with random forest, support vector machine, and neural
network models showed that the BO-GBDT model achieved the highest accuracy and generalization, with an
average relative error of 2.61%. This was 35.56%, 37.41%, and 32.03% lower than the random forest, support

vector machine, and neural network models, respectively. The BO-GBDT model meets the field engineering

application requirements and provides theoretical guidance for ensuring safe mining production.

Key words: gas emission prediction; feature selection; gradient boosting decision tree; Bayesian
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Fig. 1 Heatmap of correlation between features and labels in dataset
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Table 2 Feature selection results of different feature selection algorithms

FHAIE

R RS S I T R VL T/
JrzEidusik V Xl J v V v V x x x Xl v x 0.846 0 0.13
PSR 3 V v x v v x V Xl x x x x 0.849 1 0.13
HiRE® J V J V V V V J v V V V J 0.848 3 0.16
AR V N J x x V x V x x N x x 0.8515 0.43
(k7S y \/ x x y \ x V x V x x x 0.8515 0.14
RIATRFAEEPE J N J V J v N V N N N v V 0.848 3 0.16

FH 2 2 AT, R FH A o AR 25 32 0B A7 AR A 32
PG, FRAE BRI 13 ANFEN 6 4, FRIE £ & BRI
53.85%, i it GBDT B 75 BRIA S $0 T £ 37 14 A5 AU 3T
fhEF6HR R? B R4 0.848 3 $255 0 0.851 5, U294
v AR D) A B A TR S, 1SR A 0.16 s 45 %
014 s, PRMCAS SCOR A 88 vk BT A9 RRAIE S R 45
AT 2507 .

HE—2L 0 3R 2 ALAL RRIE T RO R X R
R X, TFRZEE X5 FEREE X5, H iR X,
SRR X ¥ 4 B DL L A RRAE e 2R Bk e 4, o
A TR 2R AR R e 5, th T A B R 4E b
TFoR 2R B 5 R i i AR — 3, wioaie R e vk Jor
BE, FUBE R SR e B AR

5 AR FUIT I Hh A A G B A AR A v, 2
i . TAE R B S AR RO A A OGP A X
e, Hrem SR E . HER R R ERE T
B, BB WBEE R R, HIBRIEE WA . TAERK
JE . H =R 3 AR,

58030 2 FUIUT IR Hh A 6 YRR AE AL 5 4030 )2 U M
S AR R IR R | AR Z A | 2 A At A
G, th2 2 AL, 2 RA M AE RS A T PUSTI
XM TS . % IR bR, 483 )2 T AR 1H
I A 2 6 AR 2 A T LTI R K R
M), PR BE AT J2 PO 2 | ABIT 2R R | AR

JZ AR 3 A5 483 J2 BT H AR SRRk i AR 1iE o

T RHIE SRR, LR R 8 N RRE, S BT &
w X BRI X, FEREE X, HIER X, RH
B Xg, AP R LT & & X SRR )RR X, 2
IR SABIZ R Xioo AH HE R RO 45, FRAE B0 I
> 38.46%, i i GBDT B 1% BRIA S 85 it 8 7 (1 A5 7
PEALFE A5 R i RS 19 0.848 3 P& M 0.840 0, 1 [
i 0.98%, T BT HY 0.16 s 45 KM 0.14 s

3 EEMERBSHME

3.1 GBDT # i R

GBDT J&— 1 5 T Boosting 55 1 i £ 1l P 56 452
TR L1201 Ay JEARUJE: 3 4 22 S p S 0 2 AR I
BAARA TN G5 5, 45 SR v M, B Y 1Y) B
LA 45 RS2 T TR S )

(=RFROSBUN

D G NGEBIEE T, T={(x1,y),(x2,,),-,
oyt Fefxi = 1,2, ,n) AR AE 1) 4, o B AR
{8, n AIUNGFEAL R

2 sl A B bR 07 Y E AR 2900 46 R
{8, V5 R G Sek A FE Rl . WA A6 BT Fo(x):

1 n
Fo(x) = ;L;y,v (D

A b ooy —x, S n HERFIEZS (8]



. 140 - 5 B3k

% 50 %

3) HESE m-1 ﬁﬁ‘ﬁfﬁﬂﬂwl@z)%%%ﬁﬁ%
Vim» m=1,2, -, M, M R iEARRE 5k 22 K e 24 1iif
B 1 R AU G BT I3, Jo S5 AL B X ik S 5% 25 4
HPSER TG

Yim = Vi = Fuo1(x:) 2

4> L (e ya) 0BT 19 I ZRBOHE , L5 [l E R
Py (x) o TR ) g Sl ok 5 S 3 5 4] 3 AR 5 [ il
PRSI SN B BA AL B AR E . ZE AR
Myt A v, S W SR B LR SRR AE AR 43 A AR
AT S BOE

5) ST m YGA AL F, (x):

F,(x)=F,_(x)+a,h,(x) (3)
K a, Jy 2 > 3, KR BT A 10t S X e ¢
UL )52 i R

6) Lt MIRZEMNG, 154 3] i 2 GBDT # A

Fuy(x):

M
Fu(x) = Fo(x)+ ) v, (1) (4

32 RAHAA

BO J&t —Ffi 5 T DU Sr4fi e A4 22 SRy e A 5300k,
O REAE S A 2 M s 18] v i 57 H b eR B0 i S
I IR R AR & — P S Bk 5, N 7E R
AT RE D 8 28 UK N e 31 o B 4 SRy B 0 A )
%ﬁ[ﬁ’i [21-23] .

SRR H B2 = GBDT 45 2 ) FAS
JE. 5T BO BRSO 2 PR

iR

N
e | [ R
b | | R

A

R
ORI S L

i RItE SR A

B2 BT BOHEMBSEM LR

Fig.2 Hyperparameter optimization process based on Bayesian
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Fig. 3 Comparison of predicted and actual values in GBDT models
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Table 6 Statistical relative errors in GBDT models under different

feature combinations
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Table 7 Statistical relative error in four models
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