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Unravel ing the Separation Mechanism of Gas Mixtures in
MOFs by Combining the Breakthrough Curve with Machine

Learning and High-Throughput Calculation

Jinfeng Li?, Yu Li 2, Yizhen Situ ¢, Yufang Wu 2, Wenfei Wang ?, Lanqing Huang ?, Chengzhi Cai ?,
Xiaoshan Huang ?, Yafang Guan ?, Shouxin Zhang ®, Heguo Li®, Li Li ®, Yue Zhao **, Hong Liang ®*,
and Zhiwei Qiao »*

2 Guangzhou Key Laboratory for New Energy and Green Catalysis, School of Chemistry and Chemical Engineering,
Guangzhou University, Guangzhou 510006, China;
b State Key Lab NBC Protect Civilian, Beijing 102205, Peoples R China;
¢ State Key Laboratory of Organic-Inorganic Composites, Beijing University of Chemical Technology, Beijing 100029,

China;
* Correspondence: SA11226532@mail.ustc.edu.cn (Y. Zhao); lhong@gzhu.edu.cn (H. Liang); zqiao@gzhu.edu.cn (Z.
Qiao).

Abstract:

In the field of metal-organic frameworks (MOFs) screening studies, the batch calculation of the mixed gas
breakthrough time difference (ATi) in MOFs and its intricate correlation with various descriptors remain underexplored.
This research undertook batch calculations of the breakthrough curves (BC) for different gases within a simulated natural
gas environment, designating A7; as the performance metric for MOFs in gas separation. The separation performance of
computation-ready experimental MOFs for CH4/C2Hs and CH4/CO2 mixtures was analyzed in depth utilizing machine
learning (ML)-assisted high-throughput computational screening (HTCS) techniques. Then, five ML algorithms were used
to quantify the relationship between MOF descriptors and performance, and the effect of the metal center site on the
separation performance was further explored. Ultimately, the top ten MOFs were selected for each system. Combining
HTCS, ML, and BC, this work provides fresh insights for understanding and designing MOFs with customized adsorption
and separation properties.

Keywords: metal-organic frameworks; high-throughput computational screening; breakthrough time; machine learning;

separation.

10


mailto:SA11226532@mail.ustc.edu.cn
mailto:lhong@gzhu.edu.cn
mailto:zqiao@gzhu.edu.cn

2024 iTAZ TAZ K4 4E 5 & R AL AT 58 37 HEE
2. BB
BEFHKIBEMBEER

s 12, TR 12
Vb E BB R B R ST, BrEE4E T R HVA X S EARSET, 830011
2 B RERE, LRI, 101408

“Email: mapc@ms.xjb.ac.cn

I AMTER. AL B TAT AL A KR A hiGK, RIS K AT BB S R IR IR %, 14
BORAESIEL, Mg NS R . AW TE LA &40 h il & 8 R A RAE Gt 20 Bt SLARIEED Sk
wo BT — RIVEA Z RS E R PUR E A K B RL, TR T i AR &V T E R AR BT 9
KEEMAKD S EERIRE GBS DIRERERIS) SRR MSRK/GK E MR &, 252 T bRk
BB AR 32 221 1) dnh 7K 2 B RE T3 9 5 i B AL 07 SLEORBGIE 7> B AL RS i) 1 3 T R 4R 175 IR S8t 7K
REWI B HTHER: ST MBS 70 B & A RO, FFIE N> BERE R L0 218 A2 & 1) i ok
BRAT R, AEZATW I SEIL T 7K 3 B RBT RS

X REFIHE: JOREEMERL BIBAR: MoK E: MANE

SE R

[1] F.-X. Ma, B. Hao, X.-Y. Xi, R. Wang, P.-C. Ma, Aggregation-induced demulsification technology for the separation of highly
emulsified oily wastewater produced in the petrochemical industry, Journal of Cleaner Production, 2022, 374: 134017.

[2] Qian-Ru Li, Xin-Yi Wang, Akram Yasin, Ting-Yong Qi, Xuqing Liu, Zhexin Mao, Peng-Cheng Ma, Charge-induced aggregation of
emulsified oil droplets in water with the presence of functionalized stainless steel felt, Separation and Purification Technology, 2025,
353:128530.

[3] Wang X Y, Zhang Y R, Yasin A, et al. Polyethylenimine-modified glass fiber by a sulfur-based coupling reaction for selective
demulsification of oil/water emulsions[J]. ACS Applied Polymer Materials, 2023, 5(9): 6886-6896.

[4]Dou Y L, Yue X, Lv C J, et al. Dual-responsive polyacrylonitrile-based electrospun membrane for controllable oil-water
separation[J]. Journal of Hazardous Materials, 2022, 438: 129565.

[5]Lv C J, Hao B, Yasin A, et al. Molecular and structural design of polyacrylonitrilebased membrane for oil-water separation[J].

Polymer, 2022, 253: 124969.

11



2024 T 42 TA2 KB 5 & AL AT B8 35 EE

Al MRS RERR ST BRI &

£ HH, RE
LERIH R A TR 2B VR R 4 5 TR RS Ry, RS AN T, 450001
*Email: ytian009@zzu.edu.cn; zhouzhen@nankai.edu.cn

HEIEX:

IS A I B PR AR . SREREAINLAR S 1 U1, AR BT — b i R L AT TS 03 M e e AL
B OIMESL . I IZMESL, FRATIE T4 T XL 70,000 N COFSEMHEAT T il i T S AIHL A8 2% ST BRI 25,
T CHa/H B BRPRHI TG o FRATAIL, et FICOFMRHE BERL T SCHR 4R 8 HIMOF A COF AR 5 (A4 K
XF CHa/Ho HIW I I P Pk 1 82, i g it ik 248 . T IX —HESL TS 2 A 8 70w PR REHR 70 S A R D3 81 1
SERTSEI TARAOSRAIE . SO, 2L &2 STHES K HLT IS PP 23 ZR GE AN RENS SEBILXT i P BERRE 3 B A R A BRI AT
BN, AT BT S R AR IR B 23 A Sy BEALER ) E T AL

High threughput
Calouilatiam
(Membrans separaticn

performance)

A universal framework for automatic discovery of membrane materials.
KRR SMHEZ R, HLAREST: B H

SE
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Research 2018, 57 (14): 5151-5160.
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A Three-stage Optimization Framework for Achieving Optimal Hydrocyclone's
Overall Performance Aligning with Decision-makers' Preferences

Dianyu E %1 Cong Tan®®, Qing Ye Y, Jiaxin Cui®®, Zongyan Zhou *°, Ruiping Zou ¢,

Aibing Yu % ¢, Shibo Kuang ¢,

2 Jiangxi Provincial Key Laboratory for Simulation and Modelling of Particulate Systems, Jiangxi University of
Science and Technology, Nanchang 330013, PR China
® International Institute for Innovation, Jiangxi University of Science and Technology, Nanchang 330013, PR China
¢ Alber Particle Science and Technology Research Institute, Nanchang 330000, PR China
4 ARC Research Hub for Smart Process Design and Control, Department of Chemical and Biological Engineering,
Monash University, VIC 3800, Australia
¢ Centre for Simulation and Modeling of Particulate Systems, Southeast University - Monash University Joint
Research Institute, Suzhou 215123, PR China

*Email:dianyu.e@jxust.edu.cn; shibo.kuang@monash.edu

Abstract: Previous hydrocyclone optimizations often neglected interactions among key objectives, potentially
weakening overall performance and impeding sustainable progression of hydrocyclone applications. This study presents
a three-stage optimization framework for identifying the most suitable hydrocyclone design and operating conditions
aligned with decision-makers' preferences. Initially, a novel data-driven predictive algorithm, INFO-ELM, establishes
nonlinear relationships between key variables and performance objectives. Subsequently, the preference-inspired
cooperative evolutionary algorithm (PICEA-g) captures comprehensive trade-offs among key performance objectives.
Finally, a multi-criteria decision-making method (TOPSIS) determines the optimal solution based on decision-makers'
preferences. Rigorous cross-validation demonstrates the reliability of INFO-ELM and its superior accuracy compared to
classical neural network algorithms. PICEA-g outperforms other advanced multi-objective evolutionary algorithms,
facilitating faster and more accurate decision-making. Supported by computational fluid dynamics, the framework is
validated across various separation scenarios employing two decision-making strategies. This study offers a

comprehensive approach to address trade-offs in hydrocyclone optimization.

Keywords: Hydrocyclone, Three-stage optimization framework, INFO-ELM, PICEA-g, TOPSIS

14



2024 AL TAE K #0485 & AL AL AT 58 3% EE

FHEWMHHA RN ST R BERRNR

SN
TIMIR RS2 T2, VLR I3 N T2 199 5, 215123

*Email: luyym@suda.edu.cn

HRIEX:

BB SAE Ths J M 2 MR SR AR P A AR TR LA T R, RS VAL SR B AR A S AR
MR ISR, ST TR R AL iR VR RE SR B A R vt B

RIT TN w50 T I AR G AR I SRR - o A P R PR B PR IR P SR AR R V5 e,
R A F IR 70 305 75 G T A B AN - A AW, TR R e s PR B XU AR s R ) R
B W 5] v s PR B AR A 5T 15 e AR BRR IR 5535 S0 0 T RS A 5 P 0 7 e R A0 12 32 A ) Y 4
EIIERI bR, ATEREPE M DMFAS; AN [R]85 B2 T 1A ) /T A 5 b e P B B o S5 AR P R AR R A5 05 8 1)
T EL AN - A W R PR P IR P 1 RS e, 0 B SRR TR ER A PR S T TR el

PR T AE R T B BN SR A2 SRR 2 RE AU SR R B L7 RE B« SR o 5N IR Y B T 4
RURGEYE, (RS THRAT A W R RS G ; I DT R BB s AR SE B B A . WU AR
THT S35 7P R LT 28017 R 5 W B 98 5 R )y 0 S 4 ORI T PR 3R T S 7K L R A IR 55 /K P\ B
VT iy R S BRAD R B, Sz T B B dR I )4/

& ORI SRR A R RPN/ AL XU REMT R 2R BB, SRS T AT TR B PR35 G S Ao e
AL IFITRS DA A T T A8 B~ A B AR AL AR AR 28 A T AR, SEBLTS Qe Sk R B AN
AL

KBEIR: AR SRR R REEE

SR

[1] E. Zhou, P. Gu, Z. Luo, H. Bisoyi, Y. Ji, Y. Li, Q. Xu, Q. Li*, J. Lu* Unexpected organic hydrate luminogens in the solid state, Nat.
Commun., 2021, 12,2339

[2] H. Wan, Q. Xu, J. Wu, C. Lian, H. Liu, B. Zhang , J. He, D. Chen, J. Lu* SuFEx-Enabled Elastic Polysulfates for Efficient
Removal of Radioactive lodomethane and Polar Aprotic Organics through Weak Intermolecular Forces, Angew. Chem. Int. Ed., 2022,
61, 2022085

[3] G. Wang, H. Li, N. Li, D. Chen, J. He, Q. Xu, J. Lu* Construction of Perylene-based Amphiphilic Micelle and Its Efficient
Adsorption and In Situ Photodegradation of Bisphenol A in Aqueous Solution, Angew. Chem. Int. Ed., 2022, ¢.202210619

[4] L. Yang, Z.Chen, Q. Cao, H. Liao, J. Gao, L. Zhang, W. Wei, H. Li*, J. Lu* Structural Regulation of Photocatalyst to Optimize
Hydroxyl Radical Production Pathways for Highly Efficient Photocatalytic Oxidation, Adv. Mater., 2023, 35, 2306758

[51Y. Zhou, L. Zhang, Z. Zhu, M. Wang, N. Li, T. Qian, C. Yan*, J. Lu* Optimizing intermediate adsorption over PdAM (M=Fe, Co,

Ni, Cu) bimetallene for boosted nitrate electroreduction to ammonia, Angew. Chem. Int. Ed., 2024, €202319029

15



2024 AL TAE K #0485 & AL AL AT 58 3% EE

&N/ ER RN EA

o BREESE, WHLRSARE L, JRMIRSAEER, WP TR AMERE L, KW FL
T EFRsL. PEATESS L, PE Y eS LREEERNES S

+o BREREZORNE A RIIBE N AT R 2 SR E B & TR se i ="
AR B BEAAIAROR M4 RE KA AR [ BREE S T AR 41
A

el RE R E AR AR 54 Q0D | EXRHEEP R S R R SR S HA
BIHTALH 1 WA B R — 554 4 IO HES 1); PLSE— B iE & 76 Nat. Commun. (2)JACS (2).
Adv. Mater. (13). Angew. Chem. Int. Ed. (18). Chem. Eng. J.(15)2#AT /& 3 SCI B3L 548 55 FRFAL
RWALH] 225 W(EELH 42 1), FoAREAL 40 Wi, TEFREZRARBEAREEERESTH (2 ) .
ERE SRR QT « ExR “863” i1kl H 2SS AL H it 60 Tl
M: EARE

16



2024 AL TAE K #0485 & AL AL AT 58 3% EE

B TEAMRNSRERIVE: NIRNGHBIERDF

ﬁ?% 9}&5,2 17 ﬁ% 17 ;%Url] 1’ WXE 1’27 ﬁ//%/J\_E L
UABRIE TR th T, Fig, 200237
2R ST AR, TOVERE T, 530004

*Email: xuxf@ecust.edu.cn

TR EMEHIR SRR, DIREIIINERIITIE . AR IR S YA FRIRFEAN IR 3t
FIRE . B Z R THUEHIR . TG M E R 2 80U, H 2P RE IR R 2% G54 . [EAROR}, 3R
AT NI RE . BT RBRA 2 RS R ER R BN SRR S RHIE, M ROUL SR Hh A e i
BRILTS AR NI OBk, R 73 F I REAIE A B, @7 T A] e B RS
VAR iEy v SN S B UE JINE 2 U ORIV oS A T =R b 101 W N 11 AN ) e e S s A
AR, PRI RIS AL T EOEE. PRI AT R =5 TH:

(1) MBI IFMIEE T w0 TR S5, WTTE T SR (T B 1R . BEAT T s i
EYEREMIBHUTH S, IRER TR 0 AR ISR, JF B SR SE 1 ACHREEXT DI A PR RERI AR . 5
BT GERIGRIEXT T A RE RIS . S AS R T SE R CSZHREE . SO ARG RS ) MIE WL 51 RE (
JERR SR RATRLIN 77 IR RR 2

() MRS RIS A B T — N EIRRA, FERBURERTE X 7 1 2 AV RE RN . 12
B T WIS (AVE L. R EERRAR /AR 4% ) ANRIURL 5 3 1A% i S T 1 P O i«

(3) WL T RE R WIBRIA TS s T AR AR RE R 2 R . 58 T IR SR FURIIE 78 K9
Fi-SEAAR EAE R B TTk e B TR [FPRAR (RUORE A & 2 X AR 2 e 7 AR AR 2R MR

B SRR, mOTEAMEL JEthee PORHATS, BRI E AR
H B XAEER TAEZBE X F AR S (R4S 21978079 A
22178072)

27 3CHR -

[1] Wang, X.; Zhao, S.; Xu, X. Molecular dynamics study on the stress concentration in polymer networks with dangling
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[2] Huang, X.; Wang, X.; Wang, Q.; Xu, X.; Zhao, S. Promoting cross-link reaction of polymers by the matrix-filler
interface effect: Role of coupling agents and intermediate linkers. J. Phys. Chem. B. 2024, 128, 5534.
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polymer composites. Chem. Eng. Sci. 2023, 282, 119352.
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Fig. 1 Gas permeance as a function of the molecular kinetic diameter for BTESE membrane at 7= 473.15 K. The color
map corresponds to pore size distribution on two-dimensional surface. The red and green dashed lines are for the
expected and minimum pore sizes, respectively. Results are shown for the BTESE model under study with density of » =
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Fig. 1 Prediction of oil-water separation efficiency by machine learning and the relative impact importance of the

various structural parameters for fiber-based oil-water separation materials
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Fig. 1 Constructing the inorganic crystal structure prototype database based on unsupervised learning of local atomic
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Fig. 1 On-line monitoring platform for cell culture processes

glz
Z w0
T
$
z 6
2
s 4
A&
2
o
w1z 14 16 18 20 22 24 26 28
Equivalent diameter (pm)
On-line image Segmented cells Size distribution

Fig. 2 On-line analysis of in suit cell images

KB AR BOLRAR: BRI RS RATHEA

2EHk
39



2024 A2 TAZ K48 5 & A ALAT I8 3% ERE

[1] G. Gerzon, Y. Sheng, and M. Kirkitadze, Process analytical technologies—advances in bioprocess integration and future perspectives.
J. Pharm. Biomed. Anal. 2022, 207, 114379.

[2] A. Vancleef, D. Maes, T. Van Gerven, L. C. Thomassen, and L. Bracken, Flow-through microscopy and image analysis for
crystallization processes. Chem. Eng. Sci. 2022, 248, 117067.

[3] S. Minaee, Y. Boykov, F. Porikli, A. Plaza, N. Kehtarnavaz, and D. Terzopoulos, Image segmentation using deep learning: A survey.

IEEE Trans. Pattern Anal. Mach. Intell. 2022, 44, 3523-3542.

- S=PNIVIE

Hh [ AL e o R AR 78 B 21 A R 5 B T A 2013 SR 3RBE B 70 51 .
2021 S NHRAL 50UA VAL T 22 B Bd L5 40 T 22 B o T 78 Ask 0, 456 i) 245 /46 Tk 2 7
LR BRI . S RER IR AL e . BRI I TR S . FE AR A & 3R KT
s W30 R, BAEFR ST, 4 (ETEFM (E3H ), S chE1
e MITEFKERR SRS BHEK 973 1Mk, EXERBHFSESH . o ER
GRS S SRR T H iR . T 2010 SRR EER ST EMRF IR LK, EIk
Particuology AT 2022 S, 2023 FELF5 HiAm A2 (Outstanding Reviewer Award) . # 5 ANk
ZHB4H: zhouguangzheng@bipt.edu.cn.

Q JEAJGIE, BRI G, A4S0, 2003 FEFRIE 5L TR Z T 22242247, 2009 FE3K
iy y

M. i AAREE

40



2024 A2 TAZ K48 5 & A ALAT I8 3% ERE

MR TE IR FFE RS R THIIE

BEZ", KICHE, BN, x|yt MRENE
Rz AR F 4 E A E s %, dbat, 102205
*Email: zouzhiyun65@]163.com

FHEEIEST : SEX RN RDREANIE TAE P R ARG B R TR, Wit T M 2 E RS, B4 WL
1, WEYEE. 8RR BREMRNAZER,

I
| R TERAER | | Tsdmawmm | | TEsumk
o
ﬁ S ) lL oAt
i
m | [ Tzumes | | soummm | [ mseusm | | TResmsnk |
=
TFMﬁMﬁ JL?&%%
%
ﬁ gentspimre | [ pemgun |- gomem | e[ gummemsn || sk
TTI&&% lLﬁ%mé
7
5 PWEATIEE | <[ EFREPREE |- RN RS
5

Fig. 1 Digital twin system architecture of the small scale fine chemical production process
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Abstract: On-line microscopic imaging and near infrared spectroscopy (NIR) were investigated for monitoring the
granulation and drying process in an industrial — scale fluidized granulator. In order to realize real-time online detection
of particle size and moisture content during the granulation process!!), the granulation process of corn starch was taken
as the research object, and the microscope image and near-infrared spectrum of the granulation process system were
gathered online in real time by in-situ microscope and near-infrared spectroscopy. Moreover, real-time online image
processing and genetic algorithm combined with chemometrics approach of partial least square were adopted. The
particle size distribution. change and moisture content in the granulation process were obtained in real time. The results
show that the size distribution of 200um small particles during granulation process can be measured by in-situ
microscope and the change of particle size can be analyzed. The accuracy of the moisture content correction PLS model
is high, the prediction root-mean-square error is 0.0051, and the prediction determination coefficient Rp? is 0.974. The
real-time and accurate monitoring of particle size and water content in fluidized bed granulation process is realized,
which provides research basis for process optimization and control.

Keywords: Fluidized bed granulation; Image processing; Genetic Algorithm; PLS
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Fig.1 Detailed reaction class tagged network (RXCN) for the ReaxFF MD simulated pyrolysis reactions of the
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RXCN of all reaction pathways; (b,c) Simplified RXCN obtained by selecting the top 15% pathways and top 5% of

reaction pathways
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Fig.1 Geometric model validation and schematic diagram of porous carbon-based particles

Fig.2 Simulation and prediction of CO; Sorption isotherm with different surface group particles
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Fig. 1 (a) Structure diagram of the FFiTrNet model. Transformer encoder is used to replace the axial attention in the
origin FFiNet. (b) The detailed structure of the Transformer encoder in FFiTrNet. A special output token is introduced as
one of its inputs to aggregate all the information of three k-hop outputs.

Table 1. The test MAE, RMSE and R? for direct training and transfer learning using two different dataset prediction
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the enthalpy of formation of the energetic materials.

Training methods MAE (kJ/mol) RMSE (kJ/mol) R?
Direct training 99.1128 + 6.9296 160.7708 + 6.4121 0.8448 + 0.0373
Transfer Casey 75.6373 + 13.8536 145.4587 + 45.1008 0.8729 +0.0716
learning Argoub & Li 69.8302 + 7.1793 106.1238 * 22.6735 0.8824 +0.0410

The result is mean + standard deviation from 3 data random splits, and the best results are marked in bold.
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Fig.1 (a) Voltage comparison between the mechanism model and the coupled model in the steady working
condition (b) Comparison of cathode runner water content between the mechanistic model and the coupled model in the

steady state working condition (c) Comparison of water content between the mechanistic model and the coupled model
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Fig.2 (a) Comparison of dynamic pull-down voltages (b) Comparison of dynamic pull-load currents (c¢)
Comparison of dynamic pull-load cathodic water runner content
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Chemical evolution of solid particle aggregates in fluids

Shuaiqgi Zhao, Rui Zhang, Han Huang, Kunpeng Zhao, Bofeng Bai"
State Key Laboratory of Multiphase Flow in Power Engineering, Xi’an Jiaotong University, Xi’an, 710049
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Agglomeration of reactive porous particles in fluids leads to the formation of flocs with complex structure, severely
limiting the fluid-solid reaction rate in chemical industry [1]. For example, particle agglomeration in the supercritical
water gasification technology significantly decreases the carbon gasification efficiency [2]. Here, we propose a
three-dimensional diffusion-reaction model [3, 4], and investigate the fluid-solid reaction characteristic of char particle
flocs with different structure in the supercritical water. The reaction process of randomly generated flocs with fractal
dimension ranging from 1 to 2.33, floc porosity ranging from 0.35 to 0.78 and newly introduced surrounding factor
ranging from 2 to 12 that represents the local compactness are numerically simulated. We observe an intraparticle
porosity increase stage, followed by a floc deformation stage and a floc breakage stage. Before the floc breakage stage,
the floc porosity tends to decrease while the fractal dimension tends to increase. The fluid-solid reaction rate is directly
proportional to the initial floc porosity, and inversely proportional to the initial fractal dimension. However, during the
floc breakage stage, both the floc porosity and fractal dimension decrease rapidly, and the fluid-solid reaction rate is
inversely proportional to the initial surrounding factor. A simple analytic correlation is thereby proposed to evaluate the
complete reaction time of flocs with different structure. Moreover, the denser flocs of higher fractal dimension and
lower floc porosity tend to break into a larger number of smaller sized sub flocs during the breakage stage. We also
discussed using physics-informed neural networks to solve the proposed numerical model for fast estimation of

intraparticle fluid-solid reactions.
Keywords: aggregate; fluid-solid reaction; fractal dimension; porosity; physics-informed neural networks

1
Average particle porosity &i(e,)

sRBBEEET E € ¢ - -
i;w,*:gggfgggﬂpam .. x
B R O L s - =
A CEE > - -
A M

Case 2
¢ ﬂi*: - /}/AAA‘A{:X/ X Complete reaction
Ly
| 1 1 1 1 | |

0.8 09 14 1.6 1.7 1.8 2 21 22 23
Normallzed reachon hme 1,

Fig. 1: Typical evolution of the structure of flocs with different initial fractal dimension nsp. The reaction time t is

normalized by the complete reaction time of a single isolated particle ts.
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(a) particle clusters collision process in the same direction (b) particle clusters collision process in the opposite
direction

Fig. 1 clusters core and clusters equivalent diameter ratio in particle clusters collision process
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Fig. 1 Schematic diagram of PINN with spatiotemporal inputs and moisture content output with residual loss
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Fig. 1 CIC between memorizing and forgetting at different scales
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Fig. 2 Three regimes occur successively with changing the relative dominance of memorizing over forgetting
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Fig.1 Detailed reaction class tagged network (RxCN) for the ReaxFF MD simulated pyrolysis reactions of the
45-component RP-3 model obtained on the basis of predicted reaction classes by the tri-training classifier: (a) Detailed
RxCN of all reaction pathways; (b,c) Simplified RxCN obtained by selecting the top 15% pathways and top 5% of

reaction pathways
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Fig. 1 The coupled calculation process of gas-solid flow system.
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Fig. 2 The coupled calculation process of gas-liquid flow system.
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Fig.2 Axial distribution of simulated turbulent dissipation rate and corresponding contours for microchannels with

helical wires of different diameter
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Fig. 1 RoboChem-A benchtop robotic system enabled closed-loop and multi-objective optimization of photocatalysis
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Intelligent Control of Coke Dry Quenching Process using Decision

Transformer Algorithm

Heng Xu, Cheng Sheng,
Hefei Lituo Cloud Computing Technology Co., Ltd., Zhong An Chuang Gu, No.900 Wangjiang West Rd, Hefei, ANHUI,
230031, China
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Abstract:To address the challenge of manual adjustment based on experiential knowl- edge for process parameters
affecting production in Coke Dry Quenching (CDQ) process, a closed-loop control method utilizing the Decision Trans-
former algorithm is proposed. This CDQ Decision Transformer model re- solves the existing problems that arise from
manual operations during the CDQ process by leveraging sequence data as input to identify relationships and employing
self-attention mechanisms to recognize dependencies within the sequences. The objective of training the decision
transformer model is to recommend the optimal control result during the CDQ process and adjust control parameters
based on changes in input parameters. This approach enables the implementation of a fully automated control system in
the CDQ process. With an accuracy of up to 0.96 and achieved an average score of 5.98, this model proves to be an ideal
solution for industrial applications.

Keywords: Decision Transformer algorithm, Coke Dry Quenching process, closed-loop control, Optimization,

Automation
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A novel hybrid intelligent model for molten iron temperature forecasting

based on machine learning
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To address the challenges of low accuracy and poor robustness of traditional single prediction models for blast furnace
molten iron temperature, a hybrid model that integrates the improved complete ensemble empirical mode decomposition
with adaptive noise, kernel principal component analysis, support vector regression and radial basis functional neural
network is proposed for precise and stable iron temperature prediction. First, the complete ensemble empirical mode
decomposition is employed to decompose the time series of iron temperature, yielding several intrinsic mode functions.
Second, kernel principal component analysis is used to reduce the dimensionality of the multi-dimensional key variables
from the steel production process, extracting the major features of these variables. Then, in conjunction with the
K-means algorithm, support vector regression is utilized to predict the first column of the decomposed sequence, which
contains the most informative content, evaluated using the Pearson correlation coefficient method and permutation
entropy calculation. Finally, radial basis function neural network is applied to predict the remaining time series of iron
temperature, resulting in the cumulative prediction. Results demonstrate that compared to traditional single models, the
mean absolute percentage error is reduced by 54.55%, and the root mean square error is improved by 49.40%. This novel
model provides a better understanding of the dynamic temperature variations in iron, and achieves a hit rate of 94.12%
within a range of £5°C. Consequently, this work offers theoretical support for real-time control of blast furnace molten
iron temperature and holds practical significance for ensuring the stability of blast furnace smelting and implementing

intelligent metallurgical processes.
Keywords: Molten iron temperature; Intelligent prediction; K-means; Empirical mode decomposition; Machine learning
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Predicting cobalt ion concentration in process of hydrometallurgy zinc using

data decomposition and machine learning
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Solid waste is one of the primary contributors to environmental pollution currently, it is crucial to enhance the prevention
and control of solid waste pollution in environmental management. The effectiveness of the second stage of purification
in the industrial zinc hydrometallurgy is determined by the concentration of cobalt ion. Manual testing and monitoring of
cobalt ion concentration are time consuming and costly, and prone to delays and errors, which can result in discharge of
cobalt ion concentration that does not meet the standards, leading to water pollution. Additionally, over-addition of zinc
powder leads to a waste of resources, increasing the production cost and energy consumption of the company. Here, this
work proposes a hybrid prediction model that combines the advantages of data decomposition and machine learning
algorithms to predict the metal cobalt ion concentration in the effluent solution of a section of zinc hydrometallurgy
refining purification in factory A. According to the different types of experiments, ablation experiments and contrast
experiments are designed in this work under the same training and test data were used in the modelling process. Analytic
and experimental results show that the proposed hybrid prediction model has the smallest error and the best fit between
the actual and predicted values of cobalt ion concentration, and the appropriate graphs were finally selected for
quantitative metrics analysis. The root mean square error was reduced by 95.6%, the mean absolute error by 65.5%, the
mean percentage error by 25.6% and the coefficient of determination by 95.6%. The hybrid prediction model not only
avoided the pollution of water resources by the cobalt ion concentration discharged in the purification section, which is
also of practical significance for the technicians to control the input quantity of zinc powder according to the prediction

data in time and reduce the waste of resources.
Keywords: Hydrometallurgy zinc; cobalt ion concentration; data decomposition; machine learning; hybrid modelling
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Fig. 1 Classification of flow patterns in laminar diameter-transformed stirred tank reactors based on different machine
learning models. (a) Support vector machine, SVM; (b) Decision tree, DT; (¢) Random forest, RF; (d) Artificial neural
network, ANN.
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