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Abstract: The dynamic prediction of the drilling efficiency and the exploration of the degree of influence of different
factors on the drilling efficiency are of significance for the earth-rock excavation schedule analysis and risk manage-
ment. However, most of the existing earth-rock drilling efficiency analysis methods rely on manual experience, and
a few machine learning models cannot explain the degree of influence of different factors on the drilling efficiency. To
address these problems, an interpretable super learner (SL) ensemble learning model for earth-rock excavation drill-
ing efficiency prediction is proposed in this paper. The capability of the local search process of a hunter-prey optimiza-
tion algorithm interacting with the global information is improved by Q-learning in reinforcement learning, and a Q-

learning improved hunter-prey optimization (QIHPO) algorithm is put forward to optimize the hyper-parameters of

WimEH: 2024-08-09; 1EEIHHEA: 2024-11-03.

EERIr: Ehe (1968— ), L, Ht, #d%, wangxl@tu.edu.cn.

BEEE: 'k F, zhangdajun@tju.edu.cn.

EE&WH: FRARREESTFERAREGRIIA (52309165) 5 EPH AR HIA BR 2 vl K = RH IR L AR bk & aE A TR A w R

YEHHI H (SGXYKJ-2020-076) .

Supported by the Youth Program of the National Natural Science Foundation of China (No. 52309165) , the Scientific and Technological Pro-
gram of the State Grid Xinyuan Company Limited and the State Grid Xinyuan Shandong Weifang Pumped Storage Co., Ltd.
(No. SGXYKJ-2020-076) .



©332- RHRZ 24 (A AR 5 TR R

the SL, such as n_estimators, learning rate and max_depth. Accordingly, the QIHPO algorithm can take advantage
of the SL which is capable of capturing the variability of sample features through the heterogeneous base-learner with
complementary characteristics, and a QIHPO-SL model based on QIHPO optimization and SL for predicting the
earth-rock excavation drilling efficiency is established, thereby revealing the complex nonlinear mapping relationship
between the drilling efficiency and various factors including the geological, operation, environmental and mechani-
cal characteristics. Furthermore, the QIHPO-SL ensemble learning algorithm is combined with the theory of Shapley
additive explanation (SHAP) under the interpretable machine learning framework to excavate the key features affect-
ing the drilling efficiency and explain the degree of influence of different factors on the drilling efficiency. The analy-
sis of a case study shows that QIHPO-SL has a high prediction accuracy. Compared with those of the benchmark mod-
els such as QIHPO-XGB, QIHPO-RF and SL, the prediction accuracy of the proposed method is improved by
12.94%, 12.02% and 1.58%, respectively, and the SHAP theory improves the model interpretability and the credi-
bility of prediction results, providing a new idea and a new way for the drilling efficiency prediction and the corre-
sponding causal analysis.

Keywords: drilling efficiency; Shapley additive explanation (SHAP) ; super learner (SL) ; reinforcement learning
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Fig.1 Flow chart of interpretable super learner ensemble learning model of earth-rock excavation drilling efficiency prediction

(1) B R A B RIE. BhALSCR I 25
i DR A AR 5T Al BRBERIMLBCRE 4 D T
DR A S R R JEE ) B AL R TN AR Y, e BCA |
e ST ENAA RO MRl BE RUEE | BPLRL S | ik
G | BFLIR B B ALSCRI T 280 BhifLSeR

S DR 28 R0k IO ) FLASCR A TR LA R B G )
AL RS , BB SR —E L o D T
eFnmide.

(2) AT FHZBEFLRBCR PR 7 ~) AR R e
SRR R A0 B — B g ) T A A



334 - RHRZ 24 (A AR 5 TR R

F58% 4

SRR | TN RURS B AR HL AT i A 22 1
AR, F R G2 > 25 A L B iE 1 FAT BAMRRAE Y
SRR S A REARR AR 22 S B L B, ST
T IS LRCR TR, E—4 Q H# 5| Af%
GAE NS IAC B R B AR Tkt , 7
QIHPO LT A E M L2 S # Ak i &
B n, BT RRpLAS %3] SHAP Bt QIHPO-
SL M > avdikah G, N o Jr 2L
SR TION PT i BB 2 2] B AR o ST AR, SEBAG AL
RECR PR O TR0, X 5 ) DR 28004 74 SRy i e % S i
FERE, 3BT RGFLASCR R DR 3 B LR T 45 SR 1)
IEFEN A LAICR SR R 2 A B AR A XA FLAL
R 45 SR R 52 ) LA R PR BE AR B B FLAICR B2 )
FEEFLACR NS R A2 , M4 QIHPO-SL
B R S AR () AT f k.

(3) =BT KAWL H A QIHPO-SL #iml
o7 R G R UL A RS TR I R ALK
g K R IE TR A, 5 AR R R T X DB
UEAEFRY T B ) P

2 LM EMNABEBRFIRERFES]
=R

2.1 $hFLBETFN QIHPO-SL S5 SR

R T iR LT AR RS AL AR S AR 2 A
R SHLACRN E ZAR L R A SCRE R LA
Tl QIHPO-SL £ A2 B, 1556, I Q 2+ fig
i 55 4 {5 B T2 B R B T Gk HPO B39 R i
R, b E B R FEEISRCEE A
B, AT ] dr S5, ok, R 92
> AR AN LR AR | SR AT B AR Y 5
FaRLAR A 2 S R 2 2 i, AR AL Y T
K.
21.1 BRFIE

B ) AR — PR L R, X TR
WA S IO A A, i B 3 1 RS I R R
A SR o o) 2 T P i A AL G, DA T A G
— AN KT A 2R R IR Yl T (R 2 2 ) B
BTN SR SR R L, AR RS T BB T L 25 R EE R
RERIE S B ) . ARG T 9 Rl
A B R ) B AU SVML K AR (K-
nearest neighbors , KNN) | £k 14 [5] 5 (linear regres-
sion, LR) | B EEHE T} (gradient boosting, GB) . FALER
M (random forest, RF) | &/} (extra tree, ET) \ iR

16 B P2 Tt (extreme gradient boosting, XGB) | f /M
XU 4E FIE$E54T (least absolute shrinkage and selec-
tion operator, LASSO) [F] 5 F1 e % % (decision tree,
DT) , HEFz sk GB 1Ehot2= s Liph & 4%
AFE2E S FRI TN 25 R AR R
(1) ¥ A5 W B FLASCREHE 5 (X, Y) # He iR o3
PN K, Vo) FIIHAEE (X, Vi) 5 X = {x;,i=1,
2, ny X TEHALRCEEIRE 0= (X, Yy ,i=1,
2, o, n, HEARRAE TR 0o (X) = E(VX) , Horp
XX e) Y 53l L3R m R 2 AL FLAE
TRIIE , y R B AL S A KR AR [ [a) ] LLE
SO E((L(O0, )], Hrp L 2k
PRAL, =X (1) FR.
@, (X) =arg fnin E([L(O,9)]) (1)

Q) BAEHALACR M ABIRSE ¢ DL kI8 XLH Ik
s W s e IO = NS SRS S a1 S | 0 2 2N B
WA V)R T ,o=1,2, -,k & y(i=1,
2,0, )RR A —HBOANELR j DA
B X o )2, B AR AR TO) I,
15 20 AH D BGFLASCR IR IEFEAS b A 8 FL A3 Tl an =X
(2) P,

VirwV@)  j=12,-J @)

(3) WA e S AR B LS I 45 R e B 7
— R, B — LR W Z, Z =
{wiro V() }. HAGENE a RIIEEILE )8
AL & T Dl =X (3) 1531

m(Z|a)= Za Vorw(V (V) Za =1 (3)

(&) TE3E TR | St (&) W A i
VRO [ L A SEFLACRBINE Y 25 Y
BT 2% /A T ] B

a’ =arg minZn:(X -m(Z,|a))’ 4)

(5) K5 m (Z o) B A & o’ 5y (X0 854,
A R B FLACR TN S 2R weL (X) , 15K (5) B,

Y (X) =Za;‘l/lj(X) (5)

2.12 QIHPO-SL 4 & 3 3] A2 A

MR L~ ) #R A R 45 2 D) BRI S R AN A
], o S B8 R S 2 X ASE TRU J0 I 3 2 7™ A 3 K
M. AR AR 52 R N T 98 2R B o 4% 49 2% vk
i R ) SRR N IR S A G, SRR
. R Re AL Bk S 8 T SR RE R
HAER RIS B A



2025 4 4 A

FWEFEEE: LA T LACR N AT R RS I > A e S R - 335 -

2.1.2.1 QIHPO &k

HPO FkP e Rl ad Fe b 2 H Y, MR
TEI B R DA R, FEUR TS R F o 22
1, H HBER AT Y FA &5 Mok e e Rt . #
X IR, AP s I by Q =g AE
HPO LR R R B, Q = ik al LA &
MSE ARV RIS, ARV R R
FF A B Be Z IR , 8 0 e A% 2645 B 53 1) B
TREWE (48 R AR 0 LIS R PR RO, IR R A
b A g B PELIEE = HPO BAMSREE ST,
Mt QIHPO 55k, HAAI R T .

FB 1 M IeE ) S BAEA Eo
Gy ] TS BRI IR AL, TR0 AR 1E g table
J r_table.

B 2 AN RACTAYIE N BEE, BB
o) AR A TR 22, 0 Y A AR AR A A
.

] 3 W RO E A SEL, TFAR
HRMAILA q_table [EEEPERE AP RIS SUEYHE R
TREWE , I R R R 2] 2R S U HUE.

$T| 4 TERIE T Q ¥ QIHPO ik,
q_table 7ERFAE R FE I A AR ARIARE AR
(& PR, R TR BRI AR R R R E B
HE. q_table FTLUKGHH S| T8 RACHL S0 R
FERRAL AR R, M REEIR 18] 51 0L BT 48 & 5K
W P2 T FO0 R, R AP i TR — R AT AR
2R R W 0 R 45 AR R R R R AR RS, IR R
q_table fE i m B AT T — PR, MRALE
T — 0 Z 5 2R Y H AT N Ae B R R 7R
FRREAUH, YR BE A X (6) SR HEFINAL T
— LR A BRI RS, SRS R PR A R RE T
DAt R A R SR

q_table(s,c) = Q0(s,c) +

B(r+yxmax O(s,¢) = O(s,¢)) (6)
e s R YA A T A AT BRI AR T 585 ¢ Y
HUBIE s B 2 2 38 (AR UCE B IR ) 5 r A8 N
PRR I 1iF Sh AR T 2545 1 B s 2 i s A3 5 T4
DR~ V7 244 T 2R SR M 2Rl P AR AR 2R SR 22 il 7
LR 5 " A — B B I i AR RE Y i Tk
%5 N ARtk

IR 5 BUPTHAHRREL A HEAEY R B AR
BRECR T 2058 (2) vh iy S LA L DK L Ry 3 ) de A
fift, X R A AR RIS N 2 i (L

$B6 EELSEH 3~ 5, HARFIRIGERIEL,

i ARSI G
2.1.2.2 QIHPO-SL £ i 2] A5 70 i g A2
TR X A ST 0 TR LA
TAIECRY, it QIHPO FVAXTHZ Y > aR iS4
PEATHEAL, (8B 2 2] 2RI o e o T 45 SR A B S
HZ AR ZE I )N, a9 38 A0 THE R LA Tl
QIHPO-SL i~y BRI 45 K. QIHPO-SL 4k
B SRR ) S BR AR a2 PR, PR AR
Input: N; itery,,; S; D; ub; b BifLEUCREIRLE
Output: FALHESEA G HFLBCRETTIIE
FE N EEA ) 25 Kot ]
For train_idx, test_idx in KFold (X_train) :
A BRI IR FIRE IR 4R 4L q_table r_table
While iter <<iter,;,,
THEFRREE N B, AL 4R et
R RIS C.Z
If q_table[0,0]=q_table[0, 1]
SRR AL E
Else
R OLE
End if
PEARE R K & R B
T q table }2 r_table
End while
YIGFEZ ] 45
Yoo 4%

TR FLASCR
Return SAUESEA G  EFLACETN(E
ARGl
%ﬂtﬁ%ﬁiﬁﬁ LS HC, Z

q_table[0,0]=
q_table[0, 1

=
Al Ppos M,

[t [ A

VA 1O (1

[0l 2 R B Tpos |

BERLY) I AR A

| w 9ﬁ1tq,tablc&rftablc|

PP A

VAl 4 {1 F Tpos |-

RAHRAL S KL

[ 2 s |

E 2 QIHPO-SL &/ F SI#ERIRRE
Fig.2 Flow chart of QIHPO-SL ensemble learning model

2.2 ETVFERENRESISHAP MShFL R BE 4

AR REHLAR 2] SHAP W] DA REAN [F] 52 m R 26
X LSRN &5 R A RE L , T AR 7ia 1 1
PN 53 SR AR A AT e BB FLACR AT 45 2. SHAP

| PFfliq_table &r_table |




- 336 - RHRZ 24 (A AR 5 TR R

H58E H4aH

J&— B F i B ML AR 2% 2T A5 AL T 45 SR Y Oy ik
SHAP (4% 0 JELREL 2 38 e 13304 A A8 A9 S ) 4 %o
U235 5 1 5 W S e o SRR R SR . B
T, SHAP i T — 15l AT M R EE NS
%, AR T — ML E A A RERRHIE AL A TR,
FRB R . R, BTN REAE AR R AR
AT, s SHAP [H MR 2 (8] 1) &
PRAYAC” (M), SHAP 1] LLUHE Bl o 47 s B AL A~ >
BT ) RO 25 5 | 38 5 TN R B 45 2R A9 o1
ik, AT R AR B O S PR A A X T &5 R ) ot
R, i R 5 R B 0 EDULAN 5 F A
B X A — AL B LR s i PR 28 B %ot oy () B FL AR
RIMLER wer () , 23 BT E AN FLECR R
K SHAP {H. B i DMEFLRCRAEAN x;, 5 i A
BHALBCRFEAINES j NMEFLRCRE R R Xy, B
XPZAEA PR LR B Ry (x) , BRI
FL2k (BERYEAT AT A RRAE B 0 T30 485 SR 5118
Voase» S Cep) FE 1 NERFLSCRFEARIES 7 MEFLAICER
AR ) SHAP {i, W) SHAP {E R M (7) , BP
Yo (X) = Voo T L)+ (x0) 4+ f(x)  (7)
FGep) BT

fe)= |H | F|-|H|-D!

HCF{j} | F!
[d(HU{j})—d(H)] (®)
P FOREFLRCRFEAR x; AR R 24 H
NEALBCEREEAR x; PEEZ LA I N R
W4 s d(H) F¥5 H G i B L8R
PR IL R B = R 52k s d (HU {}) —d (H) M8
TR R j izt FAE Ak i 5Tk
IRCRE RV E S A UPSE U RE (R & ST
SERM R A BT Bl FLACREEAS B Bl FL AR
SN ER j 2IRIME, BB FLBCRE MmN ER /1
SHAP {8 f(x) , @z (9) .

VEAEDIIER 9)
S MOWBLACRRER 3, HIREZR

3 IiEkfHl

3.1 HER&ESHLE

ABIESE LA [ 04 R BE VOB A 7 T2 TR A F
FERGE, AR T A0 T HZ BB FLACR R A R
B, K 3 Pos. i kA MELEEN
AR S0 Bt 1) o0 AT, 258 25 18 T 3t ARl L 36
SRR PEXT B LSRRI SER , e T 8 ML

LSRR R, ik 1 Pos. A7 THZH
FLACR TN Es 5 DL A2 L B FLIREE <UL 55 304
B IESFFRCORE A AP BPLEL S AR B
AR, DU FLACR ot 45 2R, e A
150 2.

1E IR AR, SRR A AL AR I R
HARAE ] RE S U AU BEA A BOIRES 5 L
(0 2 BER B FLIREE (e fe A2 Ak, ATk e B L
R AN R R AN A A 1 BT FT BE B R R B BIL AR 2%
A A RSB B LIS S AEPERE IR 45 AR ;
NIl Bt B 235 JEBH AT S it A 11 2 T R
AR 5 BALACR S IR R AT G , IR AR b
BhALACR B s X T o5 s A1 00, 7RI A B 2k
fill EAEINAR B, AT LA D8 DS A T A
(], TR o B F LA

B3 EIRLHFFEEL

Fig.3 Excavation operations in one construction yard

®1 SHAMEHMER

Tab.1 Influencing factors of drilling efficiency

e | wwg R
Wik | et 0 EbE. |
Fofitm AT
SRR | ARG TANK
. RHZ =
fle )RR 0 FREF | FAE
AR | LR B 10
HALIE AL
|/ HALIH U
" 0,0).(0,1).(1,1).(1,0)
fb‘ ):F[ (=
el Ikl (AR il

3.2 TARAFEHILLEBNLE RS

W R UREABRAE R 7 ¢ 3 BEALRI 2 ) ZhdE AN
WRAE , YIZRAE FH T 2R smuml A 78, it F sl
TSR T M RE. SR 3 P s U E ik I 2k
QIHPO-SL £ I #R , Horfr, QIHPO FFI A
WEH 200, HRIEARERL E S 100. QIHPO-SL 4E
B2 AN R 58 B, b3 5 B LR A 7 T
W, g R 4 prR. K 4 BRTLIE H S5l



2025 4 4 A

FWEFEEE: LA T LACR N AT R RS I > A e S R - 337 -

RCRMEL S AU S BT

— A
40 —— gLk |0
2

HiFLAES (m/h)
%22/ (m/h)

0 10 20 30 20
A G 5
E 4 QIHPO-SL &R % SIER Sh FL TR R
Fig.4 Drilling efficiency prediction effect based on
QIHPO-SL ensemble learning model

FHPEE RE R V512 MSE R4 H
o7 HiR2E MAPE | ¥ 7 iR iR 2% RMSE 4 FiR 2255 briF
W ABFFE LAY QIHPO-SL A R T M g , FLATT
R (10) ~ (13) Frs.

Z(.)’}i_y[)z

R=l-t—— (10)
Z(yi_yi)z
1 <2

Ey=—2 (n=3) (1
100% |3, -,

Eywp = " OZT (12)

B =, L0151 (13)

A P, NEFLACREIUNAE ; v, WA LA FLNE
y, HESAE y, FE ; n AR R ECR.

SIAT TR £ SR AR 22 AR AR AT AL, R | Erwis « Ewis 1
Enap 2350 0.8982.,0.3282.0.107 7 1 0.101 0, Kt
QIHPO-SL 4 i > B [ T 45 SR 45 kg v
3.3 HHALWMEHES

Ry it — AR B LA B R LI LA AZ 40 5 e A5
RUTGIN A5 A OCHRRE , R AT g BEbLaR2%>] SHAP
X FLACR TN RIS T4 R e S SR pe e, By
QIHPO-SL £ il > 5 Y (1) AT fif k.

&l 5 (a) AL FLACE S R 2R A RRAE E S HE .
Kl 5(b) Fos AHEUSIE Y, A SRR B LSRR A
SRR BB FLACR 2 W IR () SHAP {H, 3EH
OB FRIR R R R EUEA Y E R, B 5(b)
(1) x Bk SHAP {8, FH LA 25 i) PR 28 X S 78 S 1
) DTRRFR B RIS 5y FCASZ R R R, Fi BE 2R A
FETHY. A s rE ke, RongmEE
SHAP BB =y , XA P 45 SR DTkl K e =z,
A BB, OR[N 2 SHAP {EBRAIG, XA
RUTHIN 25 5 DTER )N

A 5(b), mRE AR S A DU AL
R TIN 25 R M A, AR TR FLACR T 45
SRR s Y R BRI RRT, FEXTR ) SHAP {H
INTF 0, Y RTINS, XTI ) SHAP (H KT
0, =5 2 XT Bl FLAICK T 25 S A% 1 52 i 3R 55k 8
5 TR IFE R AL R, R AR, VR TR
75, Bl S FLAE L A 2 R R AG 1l T 58 5
LRSI Z 32T, XA, SHAREBUE RS A
B, X ) SHAP EK T 05 R A RHEHUEL
JNBE, EEXF R SHAP {E/NF 0, SR XA LR TR
285 5 1 1 5 i 2555 R Al FL AR T 25 SR 1
TR IROR s FERHA IS LS AR P, IR X HL L
A —E R, B ALK BE SR AR R %, SR
1, BEA TR R K, BFLBCR I Z 3R, XF 55
SAATEOL, YRR A R, %R SHAP {E
KF 0, KHAHERE /N, XL SHAP {E/NF
0, FEHEFLACRE S BEE LA E A DA 0 i 3 K.

= A/m

ST

B ERES L VVUN
AEFLIRE/m
HAPER

TIVEGFF R AR
EibLAS

P I B

0 1 2 3 2 5
SHAPAE £ X {8 ) ~F-F4) i
(a) FHEEEEHT
REAE 2

=

5 Fi/m [ . cae
S/ C ETE IR
EeE I ERER L RIAIN |
LI /m .
AP -4~
TG FF A AR }
LA |
FE B BE |
0

25 5.0 75 100 125 15.0 i
SHAP{H
(b) FREE SR A

BS $HAMEZMERFEEEEHFRSTEEES
B E

Fig.5 Feature importance ranking and feature impor-
tance scatterplot of influencing factors of drilling
efficiency

FHAL L, FALBCR 2 B Z R N R AR, X
SR L — R G T e v A BT B FL AR A Y 2R 45
R, WA 2t — BT 2 S T XL
HORMFEM. T EAMEH AR E , HimFie
R TN 235 SR T B AR AL, DR T i L R e
U S5 S A DL LR EE AR RS . dni

-2.5



- 338 - RHRZ 24 (A AR 5 TR R

H58E H4aH

6 Fi/R, SHAP ARHIAAT MBS 2 AMRFIE R ST A
FH AL T RRAE AR 1 X0l FL AR RO A 30 BRARN
Horp x R NRAE AR, y SRR
(% SHAP ML, B85 B2 2R 73— AFIE AR B
PIE 6(a) 5 6 (b) W, ki R 1 e
5 SRAR EAE FIX R AL AR 00 i SRR . &5
B oM S s AR AT, AR T R R SHAP

i/ m
5 | 2975
- | 2950
4.
a | 2925
< L
E | 2900
B2 2875
g 4l 2850
z I
= ol 2825
! I 2800
2775
2, , , , | [
5 10 15 20 25
KRIC
(a) it I HFZ M
PEb i B
5.
£ 4
= 3t
w
£ 2f
= 1k 1
i
o of
=
ﬁ _l
ROt :
0

10 12 14 16 18 20
53 S AU
(¢) FFE AL Mk B 72

BLIRIE/m

1O} 24
m : 22
< :
< 057 : 20
g
= 0 16
e ! 14
ey
N _0.5 -
" 12
~1.0 b 10
0 1

HAER
(e) AATER SRR

6 SHFLBE RN ERIMRB TN LRI

LI, X i FLAK AR THIN 235 SRAT TE S0 5 oy At Rt
R SHAP {EIEV/N, XTEGFLACR I 25 A5 e
. AR, ERRS SARLEERT, sRIEE
2850m DL FEPRIEEAL, BLi SHAP /T 0, mfd
5 ILFAE S B LBCRRRAL; MR RN E
2850 m LA FHIRTHE, BEE SHAP {HKF 0, <l
5 e R R R B LR T .

S/ C
150 F N 20.0
125} - 17.5
10.0 | =
% : 15.0
EENAL 125
%2} L
& 5.0 10.0
5% 25} . .5
iy 23
() L
5.0
25+ - . 22 L
: : : A LY A 2.5
2700 2750 2800 2850 2900 2950 3000
5 FE/m
(b) = A H R
IR A AR
N | 9
10 . 8
g : |
< . 7
5 o5t : ) ‘ .
Ru=d -
Bl - oL - L
L% 0 - ;- - o 5
= ERNT I
£ _osfh i 4
3
Y R
7.5 10.0 12.5 15.0 17.5 20.0 22.5 25.0
B LR /m
(d) BNFLEREE IS FFEE2E B M
TN A AE A
15.0F
125}
@ 100}
(-9
< 7.5F
jan)
2 501 2
=
f% 25F.
I
ot
_25 L

2700 2750 2800 2850 2900 2950 3000
A /m
(f) R 37 sl A1 L AC TR

HmSH

Fig.6 Analysis of interaction effect of influencing factors of drilling efficiency on model prediction results
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