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Abstract: To address the limitation of traditional methods in capturing complex nonlinear relationships
and multi-factor interactions in small-sample experimental data from supercritical water co-gasification
of coal and sludge, this study developed a machine learning-based framework for gasification product
prediction and model interpretation. Leave-one-out cross-validation was employed to evaluate random
forest (RF), extreme gradient boosting (XGBoost), gradient boosting regression (GBR), and support
vector regression (SVR) models for predicting H2, CH4, CO, and CO: yields, while grid search and
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Optuna were used for hyperparameter optimization. The results showed that XGBoost exhibited the best
overall predictive performance, with an average R? of 0.828, MAE of 0.614, and RMSE of 0.839 after

Optuna optimization. SHAP analysis identified reaction temperature as the most influential factor,

contributing approximately 45% to the model output. Partial dependence plots further revealed the

nonlinear effects of key experimental parameters on gasification product distribution and their

interaction characteristics. The proposed framework is suitable for small-sample SCWG datasets and

provides a data-driven approach for parameter optimization and product distribution regulation in coal

and sludge co-gasification.

Keywords: coal and sludge; supercritical water co-gasification; interpretable machine learning; leave-

one-out cross-validation; Extreme Gradient Boosting

HERIRABIREE TS X H
FRIKSIIE = T, WRET . ST
FRSL SR A A Z X HEE . EHIrEE
J5E (IEA) iR, 2024 23R4
RETOREAEIT 142 t, 52023 4 K 4
2%, SRiMT, HRTEE 99% A E
M T RIR R MR L SR Stk
ARRRN T2, fEEmHbE . AelR L1k

SRS R, LA A TS

HIlE K<L (SCWG) HEAR LI
5K (1>374°C, P>22.1 MPa) N
AT, R oA LT R AL
FEAERAY. ZBARRAERE T
HORM . AP ALK . O T
i . JC NOx/SOx HEjk . 1 4 8 [ 7 &%
A R, R A T an R Ak
PR GEE SR s eV AR £
A YR FEYI A IR AL B, Rl B AT 52
PR S0 b BN BER [T

B —JFORIAH EE, AN R
IS AT RE A AE PRI, 4Tt
AR . AT ISR A
B, Faki 557 5 5 5 SRS

HOR I, IR ROk 25% R
SR B E 5 Bian ST
HERUEY LSS, AR R
B SRR R TSR e 3, T
FSAA PRIV 7, Ma S5 & AR
Ry 5 JE TS e S e A A
PATECX, R T & WRIVER TR
I oK AR, ISR FH e R T ¥
(RSM) THA S BN, 4K, 52
S SRR AR B RR L S
WHtEE A REAIR, HZHEA7ER
LM ST, ARG TTEMELL SO
IR R, FEEANZLRE I FIHL
PR L0

Ak, PLas#>) (ML) HikTE
PALAFAC SR B GE, Ol A2
FoO P A TR AL T 2 S AT
AW M TEG g H5AL, ML .
TEAR AU A FBT R A 5 TR B
PERRER 2, AT RErENL &2
(Explainable ML) J5 7% 41 SHAP, PDP
&, RBEEATIFEY “JRAR”, wALARRE
TR . AT BRRON  HEs S EE
o, BRI Eh 4518 5 R A LEEAH



Mo SE . ATRRREALAR S T WK ARG e I SR I AL M I 3

g:!:A

BA, WESRELR A A E S R M
H", Flan, Yan 2607 48 £ Fp ML AR
AU AR 5 R R S A R S
PERE, JF R F SHAP & b 7815/ k) I
XPE 2 BTk Gil 95 T30
20 A ) TR A S ey T A T A
AU, IRl A R AR s R R

AR 2 S

JUEE, EXHEREG JeRE I Sk
ISR FEATT R ST BT
5%/, = R G R b [l T AR R -
GG Z AR EREELE . AR
T Ma 85 52 10 B 0 4 22 i s e
iRy, I ks R E (LOOCV)
PEAG T A FIREA . BEPLARAR (RF) .
Wik B4R T (XGBoost) | 6 i #2 T}
M5 (GBR) FI3Z#fma[Al)H (SVR)
B PERE, JH4 H Optuna H 3l =
%%Xﬂmmmﬂom%ﬁmﬁmmm
PDP AR FEMTIREE | (=R | JFoRhk
JEFRA H 44 T R X 4 Fp AR 7=
RITTAR . 7 RIS B . ARG
A T TS YR I Rk R RS
iplaesr ] LR — K
AT HTHESE

1 HRAFE
1.1 BIESRE S a2

AT BT B FE 0k F Ma 4807156
T A e 1 R I K S AR S 5 F
5%, BEsE I 28 SR . VIR
R i A SRR 1 4 R E S
B REE . FURNREE . ERETE . DAK

A H ERERAREL), Wil
H¥r kb 4454KH,. CH,. COFICO,I1
PR, MRS, R

A1 BABEAIALEE

Table 1 The parameters and the range
of values
SRR C 450~700
(5% B4 H5J ] /mi 10~60
HA o
SRR T wt% 5~20
WA HA/% 0~100
Hoy =5 0.45~14.85
CH, "% 0.15~5.45
i ~
COfF=5% 0.09~2.39
CO, "% 0.70~10.30

ST AR BN mol/kg FE T THRIE A EURLE B (T
E SN

TERCRIYIN LT, X A 7 A 24
DABA PR (B RS MR I P A A i etk
ffi “scikit-learn” FB
“StandardScaler” X% ASFAEUEL TR I
fEAbEE, fHIER 0. R, it
HARIT

_X—u
X="FH0

AP, XHx s IA—AG (e ESE;
w0 o U3 5300 08 IO 4% R IR 4 24 {EL R AR
i

1.2 IREEESMHWK

Sk 4 T PEAR R [R] ML 27 20 583 6t
SCWG i F (B BE J1 , AW
T AJEEAREER R IRARL . BEPLAR
MO(RF) . HuhEE#ET (XGBoost) |
EAREEFRTEIH (GBR) 13 4 1) & (7]



N

4 R PN

XX &

1 (SVR) . RFZ—FHER 05k,
SHBURANEE 27 3787 L B et (N SR
58, BABSFPTEE Be I FxTaE
AN R IAHHERE T . XGBoost s —Ff
AR BE B TR A, Sl Y A A
5577 ) a ot/ MERUR s gL, BT
4 TR R B AT ROR . GBRJE & —
Pl A ZRg5 57 M g GEHE IR
W) TERE— 2D U R eR BB B T[]
WETR2E, M2 5577 ) #2406 il
9B A AR UOT ¥ . SVR BE 454
AU B/ MBI, 38k A% RSO S
SR v A ] O 4R B DA AT

TERRBUT Rt A, R B s
YR AR TRINAE Sy, Wl i
B HIPLAL RS TR AL S AR
AOREBLOLALTRME 1 Sex 4 I RLER
TR (GS) ™, 7E5 3R
Rz (R2) WfE RIS
o SRJE BT MRS 4 K Y S DL TC
. K Optuna J7 12 %) i & i 1990 4R
AR T 250 A sh il Akt — 204
TH LR N E 1 o A BT R Y
Optuna Jy 7% %& T Tree-structured Parzen
Estimator(TPE)J 6 , 38 i 26 AR AE I
WAL SR S, B REE R
LN

1.3 FERTA

Ry A THPEAR PO AL 2 2T B g
MpERE, 3 M TEIR . o 25
(R) . “F¥daxtirz: (E,,.) AR
% (B R T H BB H bRAE

WA ENRRE, HAERENT 1 R
MR G BEBR 5 B, A8 1 S50 5
ZEWT B 25, (X S (A U
Epse BT IR Z R AR, BEA AL
J2 WASE AR SR 14 B P LA Bk S L 1Y)
TR . AHOCTTH R A T

A2 AR EORBIIE E N
Table 2 Hyperparameter search space

of grid search

HRAEY HBSEL RN
LUNiOE e [100]
R [5,None]
RF G B INFEAREL [2,5]
I s e/ VREAR B [1-2]
IR RFFIESL ['sqrt]
Lo [100]
Bk [0.1]
SEYNIREN [2-3]
XGBoost %4“?‘%&@ [2-3]
FEARAE L] [0.8]
FHIESRAFE L] [0.8]
L2 iE N %L [1-2]
2\ STEN [0]
PR 6 [100]
SRk [0.1]
EE TN IREN [2-3]
GBR
W AT R AR [2,5]
I s e/ VREAR R [1-2]
FEACRAE LU [0.8]
1 iR ['rbf]
FSHER e [10,50]
SVR
I RAEYA ['scale']
e MU R BB EL | [0.1,0.2]
pred
P S =y )
D=y

I <.
EMAE: Nzi:1| y,-—yf-’md |#(3)



MU AR TR REERILAR S T UK S AT Y I K IS A P B S 5

1 m re
E sz = \/Nziﬂ(yi_yf d)z #(4)

K, oy yr Ry e R i REA
() SO0 (R . FOUI0 (R0 X 7SI 6 1 174 S
¥IE.

YT BB AR, SR
— A XIIE (LOOCV) T4 45 750 1) F5
MIRE ST o A SCHT B ARG FE AR =R
4 R* (LOOCV) . E,,, (LOOCV) F

NN 2T

s

Epys: (LOOCV) . K12 LOOCYV 1A
ks A, L 28 WS N,
LOOCV 43 ¥k i Ff 27 A REAR I ZRpii Y
FHFIN I LAFEAIINL, EE 28K E
FEAFEAE M A — W, 15 30 10 e &
LOOCV M RE $5 A1 72 33X L2 50 19 7 1
{Ho BARZEE AR RER, |
FEREARORRE B A A B %N, 4ttt
TR AR B 1107

MKW (n-1) iy bt

ARNARRNNNNRRNRNNANRNRNREREE s e | o o
AERRRNRNNNRNRNRNANARARNANNRN s v | e oo
ANNRRNRRNNRNRNRNNNERRRREE s v | o o
ANRRRRRNNNRNRNRNANANNRNANNRE s v | e oo
ANNNNNRNNNRNRNNANANENERNEE s v | o oo

OO 11T T T T e

T i ' '

e st ot

+

B1 LOOCVHfEFkrEH

Fig. 1

1.4 EEERE

AR RERLAR 2 ) © SO L7 > BF
GERES Ry, R AL
PR, PRAAIAL e i 5 AR A E
Fo ) A E L AR P A BN
Al fift B 4> At : 0 SHAP (SHapley
Additive exPlanations) Z3#1: SHAP J5
T A PR 18 19 Shapley fHBE
PEHE T —FhgE — H IS 58 55 R IE B
PR B X TR FEA Y B
I, SHAP {H 278 2R FAE XA A S50 11
oMk B O MW MK #i Bl (Partial
Dependence Plot,PDP) 434 &R

Schematic diagram of LOOCYV evaluation method

BT Al A — A s A AR X 3
IMZERA AR, & T e Rtk
FIbRAS i 2 [ AR R, X 2Ty
TEILIR B RSB T 55 B E B A A
FAIAT, TRAMEEE IR SRR S i
i ONGIIAT N E/B LR o A B2 e 1|2
PIiE

2 HRSHE

2.1 HRBIERELL R

2 S 4 AR AL Py I 7 4%
SR RRR LA . ATRVE L, 44



N

N

6 [LL7S

I AN

R XX &

BEALX 45 B b= S T SR 2 B
BEXE 4504, KRB IUAS 24 H [l A
RIF A RAFTNRE . e ik REs
g3, R TR H
FRAHABHI R, Eyp M Eqyeer TR 25150
TEFRIVHES . XGBoost 7E 24545 &
it : X H,. CO, CO,3k# T
B R, 435 0.868., 0.860 10.715,

HAPH4 R{E# RF . GBR 1 SVR 735l
H4.04%. 1.64% F14.17%, T 1 g
T, IF H XGBoost 5 B 7E =4~
T E AR S T AR Eyype A B »
HAV-3Y E, o F Eyse 73 114 0.700mol/kg
F10.943mol/kg, 33X 7 B iz 452 A4 (1Y) 131 )
PR 257N

® -~
w s
P ]
.
£ /.' 2¥
= e®
L] L e ,‘.
. 'Y & L]
v Y | v
YY vy
i “%’J"\ v?®
Te =
A & qf y®
A
' - 'J.'-Ia.-l'n\
(a) RF
] ’;":
. _- 5
® LY
"
= e ] o
= - v
= LA ®
e ye v
® By Oy .
v O
- Yoy ;:ilr" (X
Al ¥y
iy
) A
L 2 1 Ll i
CH
(b)  XGBoost



%,

W, A5 AT REPERILAR S ] SRSl A RERNTS Pl SISy B ok 7

o Wik i
2 2o o
¥ N
v "’
R
2= [ ] ,"‘. r
& N
A
v ',‘;?" f
A
ve
|:|ri\
(¢) GBR
® ¥ o
|| & s -
| o -
} ¥ o L] ™
2 ]
v ..
s
= Y- v
L ;‘,". [ ]
|:|ri\
(d) SVR

K2 LOOCV i wAbpL S 5 3] A S AL = Tl = 5 IR = R b A
Fig. 2 Actual vs. predicted gas yields from four models evaluated by LOOCV

A, ARt Hbr e 544,
FATHE T BAREARL- =W LG 1) 53 30
Heg 2 M, BERFAL, = ASBAYXT H,
i 13 I P BE HE 4% "~ XGBoost>GBR >
SVR>RF, CH,I"HE4 } SVR>GBR>
XGBoost>RF, CO il % & XGBoost
>GBR>RF>SVR, CO, i i &% &
XGBoost>RF>GBR>SVR, # T I
AT, DU S AR = 7= 2 R 45
& T ¥ g HE ¢ & XGBoost>GBR >
SVR>RF. %45 5 & B AL N TEHL

il MR AIE B ARG . XA IX
e BE ARGt FLAE [ AAAE SR A B/
A SCWG i #2 £ #l5 , XGBoost Fl
GBR 3R I AI i %00 S PR I 24 1
B 2E ke 2]y =X PR AR
T VRAMIT— BRI A, MITTFE/ ]S
FEAR AT I B A2 08U b A 30U
B, TE gt B B TSR S
fi 71, XGBoost J& GBR 4 It ft 5
7, BA NS e R,
RWERMS WL R, M2 T,
RF 75 2 0 Z R A BBAGE , /IMEAR




N

g R PN

XX &

N EERE BIEEAA IR, ATREJCEA ST
gref A FE R A R 2R A2 .. SVR BIH%
JrFARL MR RE 15, (AXT SRR

FIREERRURR,  PIHAE/ MEAR Rz AL RE
FIRERES o

%3 BAERINAHL

Table 3 Model performance and rankings

ML 5% i 114 R R4, Eyne E,, . HE# Epse E o 12
H, 0.807 4 1.442 4 1.840 4
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RF Cco 0.848 3 0.167 2 0.213 3
co, 0.690 2 1.049 2 1.391 2
T2y 0.760 3 0.811 4 1.049 4
H, 0.868 1 1.081 1 1.522 1
CH, 0.727 2 0.539 3 0.712 3
XGBoost Cco 0.860 1 0.162 1 0.205 1
co, 0.715 1 1.018 1 1.334 1
T2 0.792 1 0.700 1 0.943 1
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Fig. 4 Predicted vs actual gas yields of
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