
ISSN 2788-7995 (Print) 
ISSN 3006-0524 (Online) 

Шәкәрім университетінің хабаршысы. Техникалық ғылымдар № 2(18) 2025 

Bulletin of Shakarim University. Technical Sciences № 2(18) 2025 

30 

 

Сведения об авторах 
Айгерим Амантай* – магистрант, Казахстанско-Британский технический университет, Алматы, 

Казахстан; e-mail: ai_amantay@kbtu.kz. ORCID: https://orcid.org/0009-0007-0172-6400. 
Жандос Махамбетали – магистрант, Казахстанско-Британский технический университет, 

Алматы, Казахстан; e-mail: z_makhambetali@kbtu.kz. ORCID: https://orcid.org/0009-0006-5656-4253. 
 

Авторлар туралы мәліметтер 
Айгерим Амантай* – магистрант, Қазақстан-Британ техникалық университеті, Алматы, 

Қазақстан; e-mail: ai_amantay@kbtu.kz. ORCID: https://orcid.org/0009-0007-0172-6400. 
Жандос Махамбетали – магистрант, Қазақстан-Британ техникалық университеті, Алматы, 

Қазақстан; e-mail: z_makhambetali@kbtu.kz. ORCID: https://orcid.org/0009-0006-5656-4253. 
 

Received 18.02.2025 
Accepted 14.04.2025 

 

 
https://doi.org/10.53360/2788-7995-2025-2(18)-4 
 
МРНТИ: 50.47.29 

 

B.A. Mailykhanova1*, Sh.K. Koshimbayev2, A. Khabay2, R.A. Jamasheva1, S. Abdukarimov1 
1Almaty technological university,  

050012, Republic of Kazakhstan, Almaty, str. Tole bi, 100 
2Satbayev University, 

050013, Republic of Kazakhstan, Almaty, str. Satbayev, 22 
*e-mail: bulgyn@mail.ru 

 
AI-DRIVEN OPTIMIZATION OF CRUDE OIL REFINING PROCESSES 

  
Abstract: The integration of Artificial Intelligence (AI) in industrial automation has led to significant 

improvements in efficiency, predictive maintenance, and cost reduction. This study investigates the application 
of AI-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, AI-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 AI-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 AI model transparency, the study incorporates explainable AI (XAI) 
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 AI 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 AI with rule-based logic. 

This research underscores the transformative potential of AI 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 AI, 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 (AI) 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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AI-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 (ANNs), 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 AI-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 AI (XAI) 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.  

AI in Crude Oil Refining Automation 
AI-driven automation employs machine learning, deep learning, and neural networks to 

enhance decision-making and adaptability in petroleum refining. Key applications include: 

 AI forecasts equipment failures, reducing unplanned downtime in refineries 

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

 Machine vision systems enhance defect detection in refined petroleum products. 

 AI-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 AI-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 AI-based 

controllers. 
Machine learning models implemented on a cloud-based platform for process optimization. 
A historical data repository used for training AI predictive models. 
The setup was designed to replicate industrial crude oil refining conditions, enabling a 

comparative analysis between AI-driven automation and traditional control strategies. 
Research Methodology 
Comparative Analysis of AI-based vs Traditional Control Systems 
To assess the efficiency of AI-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 AI-Based vs. Traditional Control in Oil Refining 
Performance Metric AI-Based Control System Traditional Control System 

Energy Consumption Reduction (%) 30% reduction over 6 months 15% reduction over 6 months 

Maintenance Cost Reduction (%) 
55% reduction due to predictive 

maintenance 
20% reduction with 

scheduled maintenance 

Predictive Accuracy for Failures (%) 95% accurate predictions 
78% accuracy with 

conventional methods 

System Response Time (seconds) Reduced from 1.5s to 0.8s Reduced from 2.5s to 2.0s 

Adaptability to Crude Variations (%) 95% adaptability over 6 months 
70% adaptability over 6 

months 
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This comparison highlights the significant advantages of AI-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. 

AI 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 AI 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 AI-based control versus traditional 

control in oil refining, focusing on five critical performance metrics over a six-month period (Figure 
1). 

 
Figure 1 – Comparison of AI-Based and Traditional Control in Oil Refining Across Key 

Performance Metrics 
 

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

This methodology ensured a rigorous and comprehensive evaluation of AI-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 AI 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 AI-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 AI-based control versus traditional control in 

oil refining, focusing on five critical performance metrics over a six-month period (Figure 2). 

 
Figure 2 – Predictive Maintenance Accuracy for Refinery Equipment 
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This graph compares the accuracy of AI-driven predictive maintenance with traditional 
methods for refinery pumps, heat exchangers, and distillation columns (Figure 3). 

 

 
Figure 3 – Predictive Maintenance Accuracy for Refinery Equipment 

 

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

 

 
Figure 4 – Maintenance Cost Reduction Over Time in Refinery Operations 

 

This graph highlights the improved system response time in refinery process control using 
AI, leading to better handling of dynamic operational conditions (Figure 5).  

 

 
Figure 5 – System Response Time in Process Control 

 

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

 

 
Figure 6 – AI Adaptability to Variations in Crude Oil Composition 

 

The AI-based control system demonstrated notable improvements: 
• Process Optimization: AI 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 AI-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 AI model interpretability, high implementation 

costs, and cybersecurity concerns. Further research should focus on integrating AI with existing 
control systems, ensuring secure deployment, and developing more interpretable machine learning 
models. 

Conclusion 
The application of AI in crude oil refining has demonstrated clear advantages in improving 

operational efficiency, minimizing maintenance costs, and enabling accurate failure prediction. AI-
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 AI 
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 AI 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, AI can become a 
foundational component of next-generation, intelligent, and sustainable refining systems. 
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ЖАСАНДЫ ИНТЕЛЛЕКТТІ ПАЙДАЛАНЫП МҰНАЙ ӨҢДЕУ ПРОЦЕСТЕРІН ОҢТАЙЛАНДЫРУ 

 
Өнеркәсіптік автоматтандыру жүйелеріне жасанды интеллект (ЖИ) технологияларын 

енгізу тиімділікті арттыру, техникалық қызмет көрсетуді болжау және шығындарды азайту 
бойынша айтарлықтай жетістіктерге қол жеткізді. Бұл зерттеу мұнай өңдеу саласындағы ЖИ 
негізіндегі басқару жүйелерін қолдануға бағытталған, атап айтқанда процестің тиімділігін 
оңтайландыру, техникалық қызмет көрсету шығындарын азайту және жүйенің сенімділігін 
арттыру мәселелеріне назар аударылады. Дәстүрлі басқару әдістері алдын ала анықталған 
ережелерге және қолмен араласуға негізделсе, ЖИ нақты уақыттағы деректерді талдауға, болжау 
негізінде шешім қабылдауға және бейімделетін басқаруға мүмкіндік береді. 

Біз тарихи өндірістік деректер негізінде оқытылған және модельдеу арқылы тексерілген 
машиналық оқыту модельдерін, соның ішінде жасанды нейрондық желілер мен градиентті бустинг 
алгоритмдерін қолдандық. Нәтижелерге сәйкес, ЖИ жүйелері техникалық қызмет көрсету 
шығындарын 30%-ға дейін төмендетіп, болжау дәлдігін 25%-ға арттырды және энергия тиімділігін 
15%-ға жақсартты. Сонымен қатар, бұл жүйелер шикі мұнай құрамының өзгеруіне жоғары 
бейімділікті көрсетіп, өндірістің тұрақтылығын қамтамасыз етеді. 

Зерттеуде модельдердің түсініктілігін арттыру мақсатында SHAP және LIME сияқты 
түсіндіретін ЖИ (XAI) әдістері пайдаланылды. Бұл тәсілдер қауіпсіздігі жоғары өндірістік 
процестерде ИИ шешімдеріне деген сенімді нығайтады. 

Алайда ЖИ енгізудің бірқатар қиындықтары бар, мысалы, бастапқы инвестициялардың 
жоғары болуы, ескі жүйелермен интеграциялау және киберқауіптер. Зерттеу бұл мәселелерді шешу 
үшін кезең-кезеңмен енгізу, қауіпсіз архитектура құру және дәстүрлі әдістермен үйлестірілген 
гибридті басқару үлгілерін ұсынады. 

Бұл жұмыс ЖИ-дің мұнай өңдеу саласын жаңғыртудағы әлеуетін көрсетіп, сенімді, түсінікті 
және үнемді автоматтандыру шешімдерін жасауға үлес қосады. 

Түйін сөздер. Жасанды интеллект, өнеркәсіптік автоматтандыру, процесті 
оңтайландыру, болжаушы қызмет көрсету, түсіндірілетін ЖИ, энергия тиімділігі, машиналық 
оқыту, мұнай өңдеудегі басқару жүйелері.  
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ОПТИМИЗАЦИЯ ПРОЦЕССОВ ПЕРЕРАБОТКИ НЕФТИ С ИСПОЛЬЗОВАНИЕМ  
ИСКУССТВЕННОГО ИНТЕЛЛЕКТА 

   

Интеграция искусственного интеллекта (ИИ) в системы промышленной автоматизации 
привела к значительным улучшениям в области эффективности, предиктивного обслуживания и 
снижения затрат. В настоящем исследовании рассматривается применение ИИ-ориентированных 
систем управления в процессе нефтепереработки, с акцентом на оптимизацию технологических 
параметров, сокращение расходов на техническое обслуживание и повышение надежности 
системы. В отличие от традиционных методов управления, основанных на жестко заданных 
правилах и ручном вмешательстве, ИИ обеспечивает анализ данных в реальном времени, 
прогнозное принятие решений и адаптивное регулирование. 

Для оптимизации параметров процессов использованы модели машинного обучения, 
включая искусственные нейронные сети и алгоритмы градиентного бустинга. Эти модели были 
обучены на исторических эксплуатационных данных и проверены в симуляционных средах. 
Полученные результаты показывают, что ИИ-системы позволяют сократить затраты на 
обслуживание до 30%, повысить точность предсказания на 25% и улучшить энергетическую 
эффективность на 15%. Кроме того, они демонстрируют высокую адаптивность к изменениям 
состава нефти, обеспечивая устойчивость операций. 

mailto:bulgyn@mail.ru
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Для повышения интерпретируемости моделей в исследование интегрированы методы 
объяснимого ИИ (XAI), такие как SHAP и LIME. Это позволяет повысить доверие к решениям ИИ, 
особенно в условиях критически важных производственных процессов. 

Несмотря на преимущества, внедрение ИИ в промышленную среду сопровождается 
вызовами, такими как высокие затраты, необходимость интеграции с устаревшими системами и 
киберугрозы. В работе предложены стратегии по их преодолению, включая поэтапное внедрение, 
создание безопасной архитектуры и комбинированные модели управления, сочетающие ИИ с 
традиционными методами. 

Данное исследование подчеркивает трансформационный потенциал ИИ в 
нефтепереработке и его роль в создании надежных, интерпретируемых и экономически 
эффективных автоматизированных решений. 

Ключевые слова: Искусственный интеллект, промышленная автоматизация, 
оптимизация процессов, предиктивное обслуживание, объяснимый ИИ, энергоэффективность, 
машинное обучение, системы управления в нефтепереработке. 
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