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Abstract: To rapidly predict changes in residual oil content after the pyrolysis of oily sludge and to
guide the optimization of pyrolysis process parameters, this study collected a dataset comprising 228
samples and employed machine learning methods to predict the oil content in the oily sludge pyrolysis
residues. Several factors were used as input variables, including final pyrolysis temperature, pyrolysis
time, heating rate, nitrogen flow rate, initial oil content, water content, and residue content of the oily
sludge. The oil content in the pyrolysis residues was used as the output variable. Methodologically, this
study applied four advanced machine learning algorithms in an innovative manner: Gradient Boosting
Decision Trees (GBDT), eXtreme Gradient Boosting (XGB), Support Vector Machines (SVM), and
Random Forests (RF), to construct high-precision prediction models for the oil content in pyrolysis
residues. These models were rigorously trained and cross-validated on a dataset comprising 228 samples

to ensure their generalization ability and prediction accuracy. The results showed that the coefficients of
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determination (Rz) for the GBDT, XGB, SVM, and RF models on the test set reached 0.871 6, 0.866 7,
0.835 6, and 0.917 1, respectively, providing initial validation of the effectiveness of these machine
learning models in predicting oil content in oily sludge pyrolysis residues. To further improve the
predictive performance of the models, this study introduced the Bayesian Optimization Algorithm
(BOA) to fine-tune the hyperparameters of the models. After BOA optimization, the R’ values of the
four models significantly increased to 0.901 2, 0.900 1, 0.896 5, and 0.920 4, respectively. Among
them, the Bayesian-Optimized Random Forest (BO-RF) model exhibited the best predictive
performance, demonstrating high consistency on the test set and extremely high accuracy in predicting
the dynamic trends of oil content in oily sludge pyrolysis residues. Furthermore, through feature
importance analysis, it was found that the final pyrolysis temperature, initial oil content in the sludge,
and pyrolysis duration were the most critical factors influencing the oil content in the residues. In
summary, by introducing advanced machine learning algorithms combined with a Bayesian
optimization strategy, this study successfully constructed high-precision prediction models for the oil
content in oily sludge pyrolysis residues. The BO-RF model, in particular, offers an effective and
accurate approach for predicting oil content. This achievement contributes to enhancing the pyrolysis
process of oily sludge, boosting resource utilization efficiency, and advancing sustainable waste
treatment methods. It provides strong support for the pyrolysis treatment of oily sludge at both
theoretical and practical levels, opening up new perspectives and approaches for environmental
management and resource recovery research.

Keywords: Oily sludge; Pyrolysis; Oil content prediction; Feature importance analysis; Machine

learning; Bayesian optimization algorithm
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Table 1 Statistical analysis of numerical features in the dataset

A IR FEHIE SD Min 1/4Q 1/2Q 3/4Q Max
X, P2/ 524.09 129.20 100.00 470.00 500.00 600.00 900.00
X, FASE I 1] /h 1.72 1.13 0.17 0.83 1.50 2.50 6.00
X, FHiLE/(°C-min ") 10.16 9.60 0 8.00 10.00 10.16 100.00
X, FAW A/ (mL min ) 125.50 57.23 20.00 100.00 100.00 125.79 400.00
X, T /% 17.71 12.12 2.96 10.14 14.71 21.47 60.64
X, VR 75K /% 32.45 15.94 3.29 20.17 29.51 36.75 78.70
X, e & /% 49.83 20.02 6.83 37.29 55.50 66.00 86.57
Y B B i % 0.84 0.87 0.07 0.24 0.37 1.20 3.40
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Table 2 Hyperparameter optimization ranges for each

model
sl iz T
learning_rate [0.01, 0.30]
max_depth [3, 10]
GBDT
subsample [0.6, 1.0]
min_samples_split [2, 10]
colsample_bytree [0.1, 1.0]
learning_rate [0.01, 0.30]
XGB max_depth [3, 15]
n_estimators [50, 300]
subsample [0.1, 1.0]
gamma [0.01, 1.00]
SVM C [1,1000]
epsilon [0.01, 1.00]
max_depth [0, 50]
RF min_samples_split [2,30]
min_samples_leaf [1,30]

AT DA AL A2 AR AR ), (H R 2T 2 1 2 ARk
B W B B KR BE (max_depth) 47 i AR AR 1) B K
TREE, SRR BE ] LAS i B 1 405 g 7, (BT
e EUS LG T RAER (subsample ) 2R 58 BE AR

YINZ B feff FH A9 25000 1 RS, AR A (AT LA
B B 22 FE 1, D ok LG s de /IR A g3 44
(min_samples_split) J& 7 — > 7 55 1 e /MEAC KK,
DI — 2000 24, R A AT LAB 1R AL S 405
HII 2R FE 2R (colsample_bytree ) 44 il £ FRA ol 4 J2 (i
FHEPRFAE TR, BEIISERY ) Z2 e W 250
(n_estimators) #2158 B i 19 00, B 2 B
AT DA BB A LG e O, (Bt s 4 m LA
Y XU 5 B ZNEEAS %0 (min_samples leaf) P 5E
T A e NREAR R, B BAEL AT AR 1k ik
P

SVM BB v T I A 22550 (C) 428 il 455 2 3 44
AR, BN C A S EBER T ) Tz 4k, 3K
(1 C {E B4 ] T4 8 0 2 U 2R B8l s 1% pR B R 8K
(gamma) 2 H] T4 ] pR A (RBF) , #2411
LRREA I 5 A [, B/ gamma {23 (7Y T
Z Ak, BRI gamma {8 7] (- T USG5 bai AR
Hit (epsilon) AT DL HiF A5 75 (%) 5 2% B LGS I 75 11 2%
ZLE DT 52 e 5 28 ) R0 P RE
1.3 HREVEEE TG

T BRI A TR RCR, PRt
5| Ak sE 2% (Coefficient of Determination, R’) | ¥
77 H1% 22 (Root Mean Squared Error, RMSE) | -1
76 X} 1% 7% (Mean Absolute Percentage Error, MAPE)
YERPILEPEM FE AR o

R VA 1] SRR 045 1R R B 6 4,
7 AT R A i R RS 25 1 LU B, B R T A
AR I, R M 1, R IABR A4
MR, R AHEARIIR (),

Zn:(yz' _)71‘)2
1— i?
205

RMSE( Epys) S8 FH T i 2 150 00 458 78 7 3% 2 7
Bds TR B BT bR . e MR T BIES B
SEAE Z B A4 AR 25 5, Fom T 5 Bz
() P19 1 349 00 25 R, %o i 25 52 P (L A R P i3 2 L
MU Epus THAAX K (3)

MAPE( Eyap) J2 PE Al 7000 455 70 7 0 4 19 458
B o B 3E AT R TR 5 S B {2 [ ) 4% 1 43
bl 152 22 o PPl 455 78 (%) T IUORS B2 . MAPE (1) {H
ZIN, 8 BH A TR (8 TR B2 A 5 o B THRA UL
K(4).

R = (2)



WA FETHLESE T B SIS YRR i R - 193 -

’1 . .
Ervs = ; ;(yi_)%‘) (3)

1<
EMAP=;;|yi_)7i| (4)
e y AR IBRAE, AR T, n WAL,

2 HRAWM
21 HUIEBMEEESW

B T A AL ORIV AR SRR ]

FHE A AR E U S is e SR L &
TR 22 At (R e s 2 vl 232) i B ds
LHATIH— 4k, BEE 51 AT B IR AH ¢ &R 8K
(Pearson's Correlation Coefficient, PCC) J& & % 1~
A 2 AN AR DGR B, HO R AR ILA(5) .

S -0 0:-9

Cec = n : - (5)
D=0 > 0=
P Coc R BRI R R EL, xi0 v, B &

2 AAE S, X, VRITA x Ay Bl -1 .
K 3(a) 7R 1 7 Pl A7 i Y B R DA OC 2

BRLR os
e a) 0.6
FHif % 04
I S . o
e e o
TV &K 04
W AR -0
St il % | :‘:E

AR @‘x@,@{“@g&i&gﬁﬁg«f%}
it
(@) #H
LR,
R i
HSEI 7]
B i
T %
e KA
R -
0 0.5 1.0 1.5 2.0 25
HPE R

(b) SHAP 43 #t
B3 SiliTiRARKESHENFHEEEES
Fig.3 Feature importance analysis of oil content in oily

sludge pyrolysis residues

BAATIE . PCC RHBUETEFEY [-1, 1], HH Coc>0
5% Cpe<0 7R 2 A8 1 2 8] 43 3 A7 #E 1EAH 5C ak 7
FHIE KR, 1M Cpe=0 W FKIR 2 A8 5 Z M A K
K, PCC 4 XA A /IN W T A5 e 4 H 25 SR 1
BLPEFIAH TR TS o

Il 3 () AT 1, AR 2R T 5 TS e A i o
T B I R LA A ok S R TR O, X U HH PV R
JRE A e, BRI v T R AT, I s R Y T
RN I e A AR T T R ELA IR A SR
BEAb, i H SHAP 23 B 2F — 25 X iy A A8 1 5 5 1
Bt 2 1810 56 R AT ] AL T (] 3(b) ) o 4521
B, SR BTG e B IS AR v TR T 3 4
F2 B P Z AR U I 2R U 5 T A A
(B0 3% 2 FRRAE 8L B AT I 25 2R — 8, 5 R 3k
2B Ry e — B Hih, PR ZE B
BRIZR, PR Ay I 2 T I 5 il 35 e v B A il e 2 &
VR B A A RN, A IR AR T RN I
I HL B v A 2L, T LA B i T 8 v A e S i
F T 24 R R B 4L 40 B PR
(R E— 20 3 i, AR T 2L 0 2 R A A RN 4 2R
Al LSRN R B8 25 /N T AR, B — 2 R AR
Rl
2.2 TR L& 4T

W 228 AR 8 + 2 Ay LKl 43, FRAS I 25
4182 4, ML 46 4. R T IH bR A AR 2 22 (1]
{18 BAASE A B S AR 7R () 5 i, AR AR 1473 — 1k
A3 AHFSE SRR Z-score KeARUEALERE X, , B i@
b B 1 418 O 4 s B B T 25 K AT 0 — 1k,
HALW(6) .

X —
x, = XioH

(6)
o

Kb X, pfilor, 20 SR G Bl . £ s i Y (E
DL R AR 22 o 58 UEE I AR AL b 3L
57 GBDT .k . XGB #.ik . SVM 8.k & RF 5
AN LR PERLAL, Sy TS B AT i T AR,
XA S AT T E (K 3).

] 4 Sk 4 RIS F i TS e R Je AR T
R FI &45 5R, E AT 2 X AR 95% B AEIX
[i) i 25 1 8 118 0N i, mT AR A 8 sl M R PR AR AR

H & 4 7] A1, GBDT. XGB. SVM Ll & RF
4 Fofr B3 A TR 1 1] 5 B R TN 4 T A7 A 1) L ER
y=x SEPE AR e L0 25 R e Sk R .
mh, RF 5980 f) F00RS J3 % 85, R°=0.917 1, X J&: [
i RF AL i 4R A DR, A 502D B



- 194 -

ok
He

WO R

39 E5H 6 M

®3 BMEAENBSRE

Table 3 Hyperparameter settings for each model
A SR SHUH
n_estimators 100
learning_rate 0.1
GBDT
max_depth 3
random_state 4082
colsample bytree 0.9
learning_rate 0.1
XGB max_depth 3
n_estimators 300
subsample 0.5
kernel rbf
gamma 0.1
SVM
C 100
epsilon 0.1
n_estimators 100
max_depth 0
RF
min_samples_split 2
min_samples_leaf 1
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Fig. 4 Prediction of oil content in oily sludge pyrolysis residues by GBDT, XGB, SVM, and RF on a 20% test set
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Table 4 Evaluation metrics for
GBDT, XGB, SVM, and RF models

I Zr4E MRS
fizsil
R R RMSE MAPE/%
GBDT 0.984 2 0.871 6 1.951 4319
XGB 0.914 7 0.866 7 2.849 5.046
SVM 0.944 7 0.8356 2.385 4.922
RF 0.9822 0.917 1 1.693 4.487
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Table 5 Hyperparameter optimization

results for the 4 models

AR frfei 2 RALHE
learning_rate 0.1
max_depth 7
GBDT
subsample 0.9
min_samples_split 9
colsample_bytree 0.7
learning_rate 0.2
XGB max_depth 9
n_estimators 182
subsample 0.8
gamma 0.97
SVM C 708
epsilon 0.03
max_depth 19
RF min_samples_split 2
min_samples_leaf 1
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J& RMSE I T 20.62%, M4 R 3255 T 6.79%.
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Fig. 5 Prediction of oil content in oily sludge pyrolysis residues by BOA-GBDT,

BOA-XGB, BOA-SVM, and BOA-RF on a 20% test set
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Table 6 Model evaluation metrics before and

after optimization

VERS M4
FA
R R RMSE  MAPE/%

GBDT 0.984 2 0.8716 1.951 4319
XGB 0.9147 0.866 7 2.849 5.046
SVM 0.944 7 0.8356 2.385 4922
RF 0.9822 09171 1.693 4.487
BOA-GBDT  0.988 4 0.901 2 1.729 3.862
BOA-XGB 0.997 3 0.900 1 1.742 4.845
BOA-SVM 0.945 6 0.896 5 1.893 4.693
BOA-RF 0.9829 0.920 4 1.659 4.141
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