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JIFRLF BEL AL (Particle Swarm Optimization , PSO )
TR RFIURE IS & s 1 ) PSO - BP
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(Information Criterion, IC) F4 A T. #1282 [ 2% ( Artificial
Neural Network , ANN ) 485 41 20 T 00 A5 Y | 32 Bff 5% 38
TR G RE M A B S RO IR AR RGN L
T WOA — IC — ANN BE8Y 55 522 4 /0 345 T 15 1)
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Table 1 Parameter list
KRB X,
2GR X,
KRB X,
2 X,
BHEHHTLR X,
TA2E ) X
TAE B X,
VEZG 1R X,
SRR BB X,
WP R AL X,
IR 5 B/ MIRBTZ Ty T 9 X,

RHIEE 5

FRA BN AR

o AL AR

B HEE T XGBoost 1k | # 7 B T4 25 AU H 19
FROUEF M AL IPAG IR 2R, S PPV 000 A R AIE B 12k
PRALPERE FR e RIS 51 A Pearson M€ R B0 Hr
25 VP A R AEFR AR ] 1 AR OCHE
L 1.1 FPEEEEHEY

K H Chen 25131 F 2016 4E42 H 19 XGBoost 2.7
XF PPV SRR 4T B 2P HE T |l AR A AT
T 2% R BSOT Rl T D0 1 36 s 3 SR AL AL BE T .
e R D M E R Bl )RR 5 TR 1 AR
L 2 kg A 25 8], DL PPV S EUI H bR, 3 E G
SRS R IR E (max  depth) 7 8, 1719 s fix
JNEEARALE (min _ child  weight) & 1, 4> 5 I B T
WIHAE(E (base  score) 24 0.5, FFAEEE B PPAL 45
RN 1 PR,

112 FEAEARSCHE S HT

AR FRRRE SR PP AL 45 2R 45 B R IEAH ¢
PEIT BT LLRT A AL &5 25 T B a0 A RREZE 2, 2 M4 T
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(1) ], VPl & S 8 Z 18 i AH DG, B A i A DG 1
(Pearson Z2ELAXTEH > 0. 6) PN FRER 25 & EHE
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Fig.1 Feature importance evaluation
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Fig.2 Correlation matrix plot
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Fig.3 5-fold cross validation method
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RFR \DTR) 435l 47 S HORAR , 9K i 3 4 48 i iy 2
VR, IHET GA #ATHUENL 3RS GA — VR iR Jf:
K HI SHAP ff thr e AL S pIL I
2.2 MHEEIEMERE

R E REL R F34 75 1% 25 ( Mean Squared
Error,MSE) S, PEARES R G Tl 1458 , 113340 F

2(5’, _yz)z
R=1- (3)
> (=)
SME,i = % i (Yi _DAQ')Z (4)

Ry, R REA S LSy, FE % R T
{8y, U2 AT RE AR A A 25 PRI s m 24
BEAS S A MSE i/, RO 1, 7% B
Al
2.3 EETREM

TR T s A A L 8 > R i 80 4 A5
AR RENS BRSBTS R BB P 22 gy
fEE AR Horh SHAP 72 TS 1E R
PRV Y Shapley (1,38 55 HHEL BT A HHELL & hop A
R 1P 25730 B B R 2 A A 250 T
FUHREE , T 52 B0 40 R AT A etk . ELIA M, SHAP 4R
R 10 O AMEHAEAL AT S R R AS & TS5

RN B I (B R Bh i3 R A it 5

Table 2 Sample test set of PPV of blasting particles

FE X /ke Xo/kg Xo/m Xg/mo Xg/ms X /% X,y X, /(°) X/(m-sT') PPV/(em-s ')
1 468 936  75.5 6 50 0 6 180 2 800 3.350
2 494 3952 183.2 5 100 0 5 120 2 800 0. 105
3 1180 7080  91.2 6 25 70 8 180 4200 3.093
4 1660 8300 175.6 4 50 0 6 60 2 800 0.445
25 1790 5370 363.8 4 100 60 6 50 2 800 0.681
26 350 1050 143.5 5 100 50 6 180 2 800 0. 609
27 1012 3036  85.3 4 100 0 6 0 2 800 1.715
28 494 1482 132.5 5 50 0 6 130 2 800 0.413
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) B S M R ) s A, L TR 2 A T R A

PPV Tt . RFAE j 1Y SHAP {H o, THA AN
o= S ptoinonL,

LA(T) = £,(T = 1j1) ] (6)
L 6 RIRFIRFHELE ;T R 6 THEERHE TR
Gleft{j| JBRFFAE j ANITA FEAE T H T 45 £,(T)
NEFERRIE T4 T 1 RESTIE; £,(T - {j1) ABR

FHIE j Z AR AR AR T2 1 R R DT A
3 HR5R

ST B AR TR fr T 1 BE AR R M R L
PPV TR YRR A 5300 Y e X PPV T30 25
52, 38 8 SHAP 4351 D\ 42 J=) 1R 38 1) £ B2 it
FEASERY ) Tl 2k A2
3.1 EEINSEE

R g 4% S A UL A A R B Y GA
VR H 5 HA A R ——SVR ' RFR . GBR %
BEHLAY ] 09 ( Extra-Trees Regression, ETR) ) DTR
I K #1748 ( K-Nearest Neighbors, KNN) 2 [l ) T
XTH:/\*)T FHEBR LA 0 25 Ak e i, T A S AR

—fii ] GA FILAL S8, %3 WAL
ﬁ%%ﬁiﬂﬁ GA AL B9 Pl 4 5 %) b 45 2%, 45
R FE AR GA ~ GBR,GA ~ RFR 5 GA -
DTR 7E PPV FIUAT: 55 R M B, Rtk A< SC i

(9 GA — VR i i 4 X =R e e iy SRR 25
B, GA — VR 7E PPV BT 55 h ik BE fe AT,
JUE R R 155 94. 8% B0k T 5 i AT SE M, %
TS 3o P S AR S BUARR ik 25 8] P W] A0k 5 AU
FI & N o3, SEREA AU A PPV R IE S 3 2578
TR,

SR ATIE @res L I | R 7 Y = R P D7 SR 3
WEPEROCALTERE . PRI, A S AL A P RE Y
Xt ST AT S . VR =5 AR A F g,
25 SAC BRI A PEAIL A T SO0 [ IR AE A 7 Tt 1
JE A 5 B o %Lﬁ*ﬂﬁﬁt%iﬂ%)ﬁiﬁlé
RAL SRR IAE B S RUURAE 5 5 (A e
SRR, 57 22 AL AL J7 % GBR 2T A & iz 1k
PERE S S H A E N M RFR TR fbig s a5 2
FEVEORAFRE )T s DTR 5 P17 42 R 1% R 5 R B KOS g
Jo MG, T LA ST S B AL Sk B T %
( Gradient Descent, GD) #:%7 PSO'*! GA KNN  ##
KU (Firefly Algorithm , FA ) ) USRS 45 (Ant
Colony Optimization, ACO) "’ X} VR #5 #Y fi%) {1k %%
H., %45 GD - VR, PSO - VR KNN — VR [ FA -
VR ACO — VR 5% B 15 I 4 B ) X bE 45 5, &%
FWI,GA A VR 1 15000 A B2 3 A0 T H A pt
RS Bk 1% R e 2 4 B S U H R
e

25 R THRBEESEARAS R, X GBR T

7 ,GA Xf max _ depth learning rate fl min _ samples
spht SASEGEAT T, NI SSCR R E ks
f9 GBR 438 37 B pR B LR E AL I /1N 0. 003 5 %
RFR 1M ,GA X¥f min _samples  split 25047 T 1k
1, NTEIRCR R F AR S /Y RFR 1438 17 JE bR 4K
E A MRALES /)N 0.0205 %) DTR T & , GA % min
samples _ split ZHGHAT T L6, AT ZCR K F ﬁE
RIS Y DTR FY3E 0 B2 bR AR L AR AR AR /N 0. 172,
1L TR GA LA 1 B RE RUBR AT AL I 1 RE 2

xR3 TEHEEHR
Table 3 R’ for different models

A GA - DTR GA - ETR GA - GBR GA — KNN GA - RFR GA - SVR GA-VR
R 0. 843 0.797 0. 881 0. 648 0. 878 0. 696 0.948
*4 FRARKEZHR
Table 4 R’ for different optimisation algorithms
R IAENER GD- VR PSO - VR GA-VR KNN - VR FA-VR ACO - VR
R’ 0. 903 0. 893 0. 948 0.912 0. 909 0. 890
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Table 5 Model hyper parameters of three bases

TR S HMSHGEE BERESE
n _ estimators [75, 105] 94
max _ depth 3, 10 6
GBR ro 3. 100
learning  rate [0.020, 0.030] 0.027
min _samples  split [5, 12] 11
max _ depth [5,20] 10
RFR n _ estimators [150, 300] 240
min _samples  split [2, 10] 3
min _ samples _ split [2,20] 2
DTR max _leal nodes [10, 50] 20
max _ depth [2,30] 10

T :n _ estimators F7R Z A HE Y557 2] f (RHER) I ;max
depth J& ST IR Y BT EE | RIPRSR R AT LA B B AR 1
J¥ ;learning _ rate fQRAERE— Uk & AX PR BE 1] B8 2% o6 KO A 7 7% 30
BI2P K smin _ samples _ split TP N BT 5 (AR 595 55 20 2B
T P/ IVFEAR B max _ leaf _ nodes Fe78 PESRAR BEAS A2 I R R+

T g5 R T A
e 4 3L 5 4 VP 00 R T L T 4 B
AU 2R B+ 4% 55 L TN ) A B A AR RS BTG B
25 RAE TN 25 5 5 00 AE 8] /4 R T 22 ( Standard
Deviation ,SD) ; J5 {5 1 4% 5% (B W 55 A 150 5 00 00 /7
G IR AAH DG R AL 13 27 5 1A% I 1 5 Ak
s 46 ) 7 MR % 22 ( Centered Root Mean Square
Error, CRMSE) . Hi€ 4 A1, GA — VR #LA1E HL
LTI PERE , Uk iz AR Z on it 4 1 Y
LA, Ak RRA L GA — VR Y RARTN
PERE, 2 6 B T GA — VR ZEFF /-3 A AR

x6
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Fig.4 Taylor diagram for visualizing prediction accuracy

3.3 HEEFNBRES

ANFERFIEXT PPV FUN ) SHAP B2 anf&l 5 fr
7N, e S B 0 B (VR (3RO R K IR (A 3R
TNFFIEAE /N ) RAE AR5 X5 17 1Y) SHAP (B 1) 56
£, VL SHAP fEH R 0 VE N 73 B4 2o i i) A5 3R 7R %
PPV 0 4 {8 7= A= 5 10 5% Wi ( BRk /N PPV ) 130
), ALY R X PPV T (4 {8 72 A R 52 i
(RIS PPV RTUINE) o H &1 5 R, E7K P BE S
(X)) BI/NIIEBL T, GA — VR BEELXF PPV 1 500 (i
BERI A RORB R (X)) B2y (X,) (RTHER
Prdk (X5) S5 /NPT Dy 1 e £ (X)) TR A%
BF, GA — VR B BT ] T K 3 28 55 7 L R BE AR PPV
AR s R 2, Bl gs SR 530wk [31] Rk &
M —3K

ARARBIE AR S MK S LR ERE

Table 6 Performance of the model in this paper on a subset of the test set

X,/ Xy/ HA PPV/ T ppv/
5 X/kg X,/kg Xy/m Xg/m Xg/ms X;/% X, ! .
(°) (m-s™") (em+s™) (ecm+s™)
1 109 5450 253.1 5 75 100 8 90 4200 0.395 0.388
2 370 2150 101.2 7 25 0 6 115 4200 1. 554 1.548
3 400 3 600 315 6 50 0 6 160 4200 5.436 5.470
4 1410 6780 79. 4 5 50 0 7 180 4200 2.690 2.737
5 109 5450 391.5 5 75 100 8 90 4200 0.375 0.321
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Fig.5 Global explanation of the GA — VR model

AR, SHAP 7] 73 41 GA — VR BB X B REAS
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Predicting peak vibration velocity of blasting particles using

interpretable GA — VR integrated learning
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Abstract; Accurately predicting Peak Particle Velocity (PPV) is essential for ensuring operational safety and minimizing environmental

impact. While machine learning models present advantages over traditional empirical formulas, their “black-box” nature and limited
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interpretability can hinder practical applications in optimizing blast parameters. This study introduces a novel, interpretable prediction
framework that combines Genetic Algorithm ( GA) optimization with a Voting Regressor (GA — VR) ensemble. The model integrates
three distinct base learners; the Gradient Boosting Regressor (GBR) , Random Forest Regressor (RFR) , and Decision Tree Regressor
(DTR). The GA is utilized to globally optimize critical hyperparameters for each base learner; for GBR, n _ estimators (range; 75 —
105), max depth (3 —10), learning rate (0.020 —0.030), and min _samples split (5 —12) ; for RFR, max depth (5-20),
n _estimators (150 —300), and min _samples split (2 —10); and for DTR, min _samples split (2 —20), max leaf nodes
(10-50), and max depth (2 —30). The optimized base models are then integrated through a weighted average voting mechanism
within the VR framework. Additionally, SHapley Additive exPlanations (SHAP) analysis is employed to provide both global and local
interpretability of the model’s predictions. Experimental results based on field data from the Daye Nonferrous Metals Group Tonglvshan
open-pit mine demonstrate the superior performance of the GA — VR model, which achieved a coefficient of determination (R*) of 0. 948
on the independent test set. This significantly outperformed six individual GA-optimized base models: GA —DTR (R’ = 0.843), GA -
ETR (R* = 0.797), GA— GBR (R* = 0.881), GA—KNN (R* = 0.648), GA— RFR (R*> = 0.878), and GA — SVR (R*> =
0.696). Furthermore, GA — VR surpassed VR models optimized by five alternative algorithms: Gradient Descent (GD — VR, R* =
0.903) , Particle Swarm Optimization (PSO — VR, R* = 0. 893) , K-Nearest Neighbors Regression (KNN — VR, R* = 0.912) , Firefly
Algorithm (FA — VR, R* = 0.909), and Ant Colony Optimization (ACO — VR, R’ = 0.890). SHAP analysis revealed that the
horizontal distance between the measurement point and the blast location (X;) was the most influential factor in PPV predictions,
followed by the maximum charge per delay (X,) and the angle between the measurement point and the direction of the minimum
resistance line (X,, ). Local interpretability analysis for specific samples (e. g. , sample 93#) further illustrated the contribution of each
feature to individual predictions. Overall, the GA — VR model not only delivers high-precision PPV forecasting but also provides a
transparent and interpretable rationale for its predictions, making it a powerful tool for the intelligent design of blast parameters and
enhanced safety control in mining and construction engineering.

Key words: safety engineering; blast vibration prediction; genetic algorithms; integrated learning; interpretable analysis;

feature engineering
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