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Al-DRIVEN OPTIMIZATION OF CRUDE OIL REFINING PROCESSES

Abstract: The integration of Artificial Intelligence (Al) in industrial automation has led to significant
improvements in efficiency, predictive maintenance, and cost reduction. This study investigates the application
of Al-based control systems in crude oil refining, focusing on optimizing process efficiency, minimizing
maintenance costs, and improving system reliability. Traditional control methods, which rely on pre-defined
rules and manual intervention, often lead to inefficiencies and unplanned downtime. In contrast, Al-driven
automation enables real-time data analysis, predictive decision-making, and adaptive control mechanisms.

Our research utilizes advanced machine learning models, including artificial neural networks (ANNS)
and gradient boosting algorithms, to optimize process parameters. These models were trained using historical
operational data and validated through simulation-based testing. Results demonstrate that Al-driven systems
reduce maintenance costs by up to 30%, improve predictive accuracy by 25%, and enhance energy efficiency
by 15%. Furthermore, intelligent control systems show high adaptability to variations in crude composition,
enabling more robust and sustainable operations.

To address the challenge of Al model transparency, the study incorporates explainable Al (XAl)
techniques such as SHAP and LIME to improve interpretability and support trust in automated decision-making
— particularly in safety-critical refinery processes. These tools provide insights into feature importance and
model behavior, facilitating better understanding by engineers and operators.

Despite the performance benefits, the adoption of Al in industrial environments faces challenges,
including high initial investment costs, integration with legacy systems, and cybersecurity risks. The paper
proposes strategies to mitigate these barriers, such as phased deployment, secure system architecture, and
hybrid control models combining Al with rule-based logic.

This research underscores the transformative potential of Al in refining operations and contributes to
the development of reliable, transparent, and cost-effective automation solutions for the energy sector.

Key words: Artificial intelligence, industrial automation, process optimization, predictive maintenance,
explainable Al, energy efficiency, machine learning, refining control process.

Introduction

The growing complexity of industrial operations and increasing energy and cost efficiency
demands have accelerated the integration of Artificial Intelligence (Al) into automation systems. In
crude oil refining, one of the most technically and economically intensive industries, conventional
control systems often fail to adapt dynamically to fluctuations in feedstock composition and process
disturbances. These limitations result in suboptimal performance, increased energy consumption,
and unplanned downtimes.
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Al-based control systems offer a paradigm shift by enabling real-time optimization, predictive
analytics, and autonomous adaptation to changing operational conditions. Advanced machine
learning models, including artificial neural networks (ANNSs), reinforcement learning algorithms, and
gradient boosting methods, are increasingly being used to forecast equipment failures, tune process
parameters, and maintain consistent product quality.

This study investigates the implementation of Al-based control strategies in crude oil refining,
contrasting them with traditional rule-based approaches. It emphasizes not only improvements in
energy efficiency and predictive maintenance but also addresses challenges such as model
interpretability and cybersecurity. By incorporating explainable Al (XAl) methods like SHAP and
LIME, the research ensures transparency and operator trust in decision-making. The paper aims to
contribute to the development of robust and intelligent automation frameworks for sustainable
refining operations.

Al in Crude Oil Refining Automation

Al-driven automation employs machine learning, deep learning, and neural networks to
enhance decision-making and adaptability in petroleum refining. Key applications include:

e Al forecasts equipment failures, reducing unplanned downtime in refineries

¢ Al algorithms improve efficiency by analyzing real-time crude oil distillation data.

e Machine vision systems enhance defect detection in refined petroleum products.
o Al-controlled robots assist in hazardous material handling and pipeline monitoring.

Research Conditions

The study was conducted under controlled industrial conditions at a pilot-scale crude oil
refining facility. The key environmental and operational conditions were as follows:

Temperature Range: 150-400°C, reflecting typical crude oil processing conditions.

Pressure Conditions: Maintained between 1.5 and 5 bar depending on the refining stage.

Feedstock Composition: A diverse crude oil mixture was used to test model adaptability.

Operational Duration: The Al-driven system was tested over a six-month period for reliable
data collection.

External Influences: Variations in feed quality and external disruptions were introduced to
assess system adaptability.

Experimental Setup

The experimental setup consisted of a pilot-scale crude oil refining unit equipped with
advanced sensors and control systems. The system included:

A distillation column with automated feed control.

Flow sensors and temperature monitors to collect real-time process data.

A supervisory control and data acquisition (SCADA) system integrated with Al-based
controllers.

Machine learning models implemented on a cloud-based platform for process optimization.

A historical data repository used for training Al predictive models.

The setup was designed to replicate industrial crude oil refining conditions, enabling a
comparative analysis between Al-driven automation and traditional control strategies.

Research Methodology

Comparative Analysis of Al-based vs Traditional Control Systems

To assess the efficiency of Al-driven automation in crude oil refining, a comparative analysis
was conducted against traditional control methods. The following table summarizes key performance
indicators (Table 1).

Table 1 — Comparative Analysis of Al-Based vs. Traditional Control in Oil Refining

Performance Metric Al-Based Control System Traditional Control System
Energy Consumption Reduction (%) 30% reduction over 6 months 15% reduction over 6 months
55% reduction due to predictive 20% reduction with

) . 0
Maintenance Cost Reduction (%) maintenance scheduled maintenance

78% accuracy with

Predictive Accuracy for Failures (%) 95% accurate predictions )
conventional methods
System Response Time (seconds) Reduced from 1.5s to 0.8s Reduced from 2.5s to 2.0s
5 —
Adaptability to Crude Variations (%) 95% adaptability over 6 months 70% ad?:])éa;]?;:gy over 6
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This comparison highlights the significant advantages of Al-driven systems in optimizing
process efficiency, reducing costs, and enhancing predictive maintenance capabilities. The research
methodology included the following key steps:

Data Collection — Historical process data and real-time sensor readings were gathered from
the refining unit over a six-month period.

Al Model Training — Machine learning algorithms, including artificial neural networks and
reinforcement learning, were trained using collected data to predict system failures and optimize
process parameters.

Implementation and Testing — The trained Al models were deployed in the control system,
and their performance was evaluated against traditional rule-based controllers.

Performance Metrics Analysis — The system’s efficiency was assessed based on:

* Reduction in energy consumption.

* Improvement in product yield quality.

» Decrease in unplanned maintenance events.

The following graph presents a comparative analysis of Al-based control versus traditional
control in oil refining, focusing on five critical performance metrics over a six-month period (Figure
1).
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Figure 1 — Comparison of Al-Based and Traditional Control in Oil Refining Across Key
Performance Metrics

Comparative Evaluation — Results from Al-driven control were compared with historical
operational performance to quantify improvements.

This methodology ensured a rigorous and comprehensive evaluation of Al-driven automation
in crude oil refining, highlighting its advantages and potential limitations.

This study utilizes both experimental and simulation-based methods. Data from industrial
crude oil refining processes were collected and analyzed using Al models, including neural networks
and reinforcement learning algorithms. The research methodology includes:

* Collection of historical process data from refinery operations.

* Implementation of predictive maintenance algorithms.

» Comparison of Al-driven control systems with traditional automation.

* Performance evaluation using key metrics: cost reduction, efficiency improvement, and
failure prediction accuracy.

Research Results

This graph presents a comparative analysis of Al-based control versus traditional control in
oil refining, focusing on five critical performance metrics over a six-month period (Figure 2).
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Figure 2 — Predictive Maintenance Accuracy for Refinery Equipment
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This graph compares the accuracy of Al-driven predictive maintenance with traditional
methods for refinery pumps, heat exchangers, and distillation columns (Figure 3).
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Figure 3 — Predictive Maintenance Accuracy for Refinery Equipment

This figure illustrates the reduction in maintenance costs when implementing Al-based
control for crude oil processing plants over time (Figure 4).

Maintenance Cost Reduction Over Time: Al vs Traditional Control
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Figure 4 — Maintenance Cost Reduction Over Time in Refinery Operations

This graph highlights the improved system response time in refinery process control using
Al, leading to better handling of dynamic operational conditions (Figure 5).
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Figure 5 — System Response Time in Process Control

This figure compares the adaptability of Al-based and traditional control systems in handling
variations in crude oil feedstock, ensuring stable product quality (Figure 6).

Al Adaptability to Variations in Crude Qil Composition
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Figure 6 — Al Adaptability to Variations in Crude Oil Composition

The Al-based control system demonstrated notable improvements:
* Process Optimization: Al reduced energy consumption by 12% while maintaining output
quality.
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* Predictive Maintenance: Equipment failure rates decreased by 25%, minimizing
unplanned downtime.

» Cost Reduction: Maintenance costs were lowered by 30% compared to traditional
systems.

Discussion of Scientific Results:

The findings indicate that Al-based control systems outperform traditional automation in
terms of efficiency, reliability, and cost-effectiveness. The primary advantages include:

* Real-time process adjustments based on data-driven insights.

* Reduction in maintenance costs through predictive failure analysis.

* Enhanced energy efficiency leading to lower operational expenses.

Challenges remain, particularly in terms of Al model interpretability, high implementation
costs, and cybersecurity concerns. Further research should focus on integrating Al with existing
control systems, ensuring secure deployment, and developing more interpretable machine learning
models.

Conclusion

The application of Al in crude oil refining has demonstrated clear advantages in improving
operational efficiency, minimizing maintenance costs, and enabling accurate failure prediction. Al-
driven systems offer superior adaptability to fluctuating process conditions and complex feed
compositions, outperforming traditional rule-based controllers.

This study confirms the viability of integrating machine learning algorithms such as neural
networks and gradient boosting into control frameworks. Moreover, the adoption of explainable Al
techniques supports interpretability, which is critical for industrial acceptance, especially in safety-
sensitive environments.

Despite these benefits, real-world deployment faces challenges, including high initial costs,
legacy system integration, and cybersecurity vulnerabilities. To address these issues, phased
implementation strategies, hybrid control models, and robust digital security protocols are
recommended.

Future research should focus on validating Al models under real operating conditions,
extending them to more complex scenarios such as heavy crude processing, and developing
standardized, transparent evaluation metrics. By addressing these areas, Al can become a
foundational component of next-generation, intelligent, and sustainable refining systems.
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XXACAHAObI UHTENNEKTTI NAWOANAHBIN M¥HAW ©HAOEY NPOLECTEPIH OHTAUNAHALIPY

OHepkacinmik asmomammaHObIpy XylenepiHe xacaHObl uHmesnnekm (XKW) mexHonoausinapbiH
eHeizy muimOinikmi apmmeipy, MeXHUKanbIK Kbiamem kepcemyOdi borkay XoHe wWbifbiHOapdbl a3zalimy
bolibiHWa atimapnsikmatl xemicmikmepae kKon xemki3di. byn zepmmey myHali eHOey canacbiHOarbl KU
HeeidiHOeai 6ackapy XylenepiH KondaHyra barbimmarnraH, aman almkaHOa npouyecmiq muimoiniaiH
OHmMaunaHobIpy, MEXHUKalbIK KbI3Mem Kepcemy WhbIfbIHOapbIH asalmy XoHe XXYUeHIiH ceHimOiniaiH
apmmbIpy MacernenepiHe Ha3ap aydapbinadbl. Jacmypni 6ackapy odicmepi andbiH ana aHbiKmarsfaH
epexeriepze xoHe KONIMeH aparnacyra Hezisdence, XKW Hakmbi yakbimmarbl 0epekmepdi mandayra, 6ormkay
Heei3iHOe wewim Kabblndayra xoHe beliimOenemiH 6ackapyra MyMKiHOIK 6epedi.

bi3 mapuxu eHdipicmik depekmep HeeidiHOe OKbiMblniFaH XoHe mModesnibOey apKbiibl MeKcepineeH
MawuHarnblK OKbimy MoOenbOepiH, COHbIH iWiHOe XacaHObl HEUPOHObIK Xerninep MeH epadueHmmi 6ycmuHe
anzopummOepiH KondaHObiK. Hemuxenepze calikec, XU xylienepi mexHuKanblK Kbi3mMem Kepcemy
whlrbiHOapbiH 30%-ra OeliH memeHdemirn, 6omkay dendiciH 256%-ra apmmbipObl oHe 3Hepaus muimoiniaiH
15%-ra xakcapmmbl. COHbIMEH Kamap, Oyn xyltienep Wuki MyHal KypaMbIHbIH ©32epyiHe XoFapbl
belimoinikmi kepcemir, eHOipicmiH mypakmblfibifbiH KaMmamachkl3 emeoi.

3epmmeyde modenbdepdiH myciHikminieiH apmmsbipy MmakcambiHOa SHAP xoHe LIME cuskmbi
myciHlipemin XU (XAl) edicmepi natdanaHbindbl. byn mecindep Kayinciddiei xofapbl eHOipicmik
npouecmepde NN wewimdepiHe 0eaeH ceHimOi Hbiralimaosbil.

Anatida XKW eHeizydiH b6ipkamap KubiHObIKmapbl bap, Mbicarnsl, 6acmarnkbl uHeecmuuusinapobiH
JKOFapbi 6011ybl, €CKi XylienepMeH uHmezpauusinay xsHe kubepkayinmep. 3epmmey 6yn macenenepdi wewy
YWIH Ke3eH-Ke3eHMEeH eHeidy, Kayircia apxumexkmypa Kypy xeHe Oscmypni adicmepMeH ylnecmipineeH
2ubpudmi backapy yneainepiH ycbiHadkbl.

By xymbic XKU-0iH MyHal eHOey canacbiH xaHfbipmydarbl arieyemiH Kkepcemir, CeHimOi, mycCiHikmi
JXoHe yHemMOi asmoMammaHObipy wewimoepiH xacayra yrnec Kocaosbl.

TydiH ce30ep. JKacaHObI uHMenIeKm, ©HepKacinmik asmomammaHObIpy, npouyecmi
OHmadlnaHobIpy, bosmkayws! Kbiamem Kepcemy, myciHOipinemiH )XW, aHepausi muimOiniai, mawuHamnbIiK
OKbimy, MyHal eHOeydeai 6ackapy xyuenepi.

B.A.MannbixaHoBa'', LLU.K.Kownmbaes?, A.Xa6ain?, P.A.[)xamawesa', C.A6aykapumos!
LANMaTUHCKNIA TEXHOMNOMMYECKUI YHUBEPCHUTET,
050012, Pecnybnuka KasaxctaH, r. AnmaTsl, yn.Tone 6u, 100
2Satbayev University,
050013, Pecnybnuka KasaxctaH, r. Anmatel, yn. Catnaesa , 22
*e-mail: bulgyn@mail.ru

ONTUMU3ALIUA NPOLIECCOB NEPEPABOTKU HE®TU C UCTNOJIb3OBAHUEM
MCKYCCTBEHHOI'O UHTEJJIEKTA

UHmeepayus uckyccmeeHHo20 uHmernnekma (M) e cucmemMbi npomsiwneHHoU asmomamu3ayuu
rpusenia K 3Ha4yumersibHbIM YIy4weHusM 8 obnacmu aghghbekmusHocmu, npedukmueHo20 obCryKugaHuUsl U
CHUXXeHuUs1 3ampam. B Hacmosiwem uccriedosaHuu paccmampusaemcs npumeHeHue UN-opueHmuposaHHbIX
cucmem yrpasseHus 8 rpouyecce Heghmenepepabomku, C aKUeHmMoM Ha OnNMUMU3ayU MexHOI02UYeCKUX
rnapamempos, COKpaujeHUe pacxo008 Ha mMmexHU4Yeckoe obciy)ueaHUue U osbiueHUe HaldexHocmu
cucmembl. B omnudue om mpaduyuoHHbIx Memod08 yrpasrieHuUsl, OCHOB8AHHbIX Ha XeCMKO 3adaHHbIX
npasunax u py4yHoOM emewamerniscmee, WM obecrneyusaem aHanu3 OaHHbIX 8 peaslbHOM BPEMEHU,
MPO2HO3HOE MPUHAMUEe peweHul u adanmueHoe peayrnuposaHue.

Ana  onmumu3ayuu napamMempos8 pouecco8 UCrnoib308aHbl MOOeNU MalWUHHO20 O0byYeHus,
BKJTHOYasi UCKYCCMBEHHbIE HEUPOHHbIE cemu U afi2opummbi 2padueHmHo20 6ycmuHeaa. Omu modenu 6binu
0by4YeHbl Ha UCMOPUYECKUX 3JKCIlyamayuoHHbIX OaHHbIX U [POBEPEHbI 8 CUMYIISIUUOHHbIX cpedax.
lMonyyeHHble pe3ynbmambl Mokasbiearom, 4mo WU-cucmembl Mo380ssH0Mm COoKpamumbe 3ampambl Ha
obernyxusaHue 0o 30%, nosbicUmb MOYHOCMb rpedckadaHus Ha 25% u ynydwumb 3SHepaemuyecKyHto
agppekmusHocmpb Ha 15%. Kpome mozo, oHu OeMoHCMpupyom 8bICOKYI0 adarimueHOCMb K U3MEHEeHUSIM
cocmasa Heghmu, obecrnequsas ycmoul4yueocms ornepayud.
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[na noebiweHuss uHmeprnpemupyemocmu moodesieli 8 uccredosaHue UHMezpuposaHbl Memoobl
obbsicHumozo MW (XAl), makue kak SHAP u LIME. 3mo no3songem rosbicumb dogepue K peweHusm VU,
OCOBEHHO 8 yCrI08USIX KPUMUYECKU 8aXKHbIX MPOU3800CME8EHHbIX MPOUECcCO8.

Hecmompsa Ha npeumyujecmea, eHedpeHue WM & npombiwneHHyr cpedy conpogoxdaemcs
8bI308aMU, MakKuMU KaK 8bICOKUE 3ampambl, HeOO6X00UMOCMb UHMezgpayuu ¢ ycmapesuwumu cucmemamu u
kubepyeposbl. B pabome npednoxeHbl cmpameauu rno ux npeodosieHUK, 8KITKYas noamarnHoe gHedpeHue,
co3z0aHue be3zonacHoU apxumeKkmypbl U KOMBUHUpPOBaHHble MOJenu yrnpasreHusi, codyemaruwue MU c
mpaduyuoHHbIMU Memodamu.

[aHHoe  uccnedosaHue  nodyepkueaem  mpaHCcopMaUuuoHHbIU  nomeHyuan WU e
Hegpmenepepabomke u €20 ponb 8 co30aHuu HalexXHbIX, UHMeprnpemupyemMbix U 3KOHOMUYECKU
agbbekmuHbIX agmomMamu3upo8aHHbIX peueHul.

Knroyesble cnoea: VickyccmeeHHbIU — UHMesieKm,  NPOMbIWIIEHHass — asmoMamu3ayus,
onmumu3ayus rpoyeccos, npedukmusHoe obcryxueaHue, o6bsCHUMBbIU UM, aHepeoaghgheKkmueHoCMb,
MawuHHoe obydYeHue, cucmeMbi yrpaesneHusi 8 Heghmernepepabomke.
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