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[bookmark: _GoBack]Diesel fuel hydrotreating is a critical refining process aimed at reducing sulfur content and improving fuel quality under strict environmental regulations. The process is characterized by strong nonlinear dynamics, multivariable interactions, and uncertainty due to feed variability and operational disturbances, which limit the effectiveness of conventional PID control. This study proposes an intelligent control approach based on a nonlinear reactor model derived from mass and heat balance equations. The control framework integrates neural network approximation, fuzzy logic decision-making, and adaptive mechanisms to handle nonlinearities and uncertainty. The system is implemented in MATLAB/Simulink. Simulation results show improved dynamic performance, including a 25-30% reduction in settling time, 15-20% lower error, and enhanced robustness and energy efficiency compared to conventional control methods.
1. Introduction
Diesel fuel hydrotreating is a key technological process in petroleum refining aimed at reducing sulfur-containing compounds and improving diesel fuel quality in accordance with modern environmental standards. The process is carried out in catalytic reactors under complex thermal and concentration conditions, where temperature, feed composition, hydrogen supply, reaction kinetics and heat transfer are strongly interconnected. Therefore, maintaining stable control of the hydrotreating reactor is essential for ensuring product quality, energy efficiency and safe operation. The control of diesel fuel hydrotreating is complicated by nonlinear dynamics, multivariable interactions and uncertainty in operating conditions. The reaction rate depends nonlinearly on temperature and concentration, while reactor temperature and outlet concentration are influenced by feed flow rate, coolant flow rate and external disturbances. In real industrial environments, additional uncertainty arises due to variations in feedstock composition, instability of hydrogen supply and limited availability of real-time measurements. These factors significantly reduce the effectiveness of conventional PID controllers, which are typically tuned for fixed operating conditions and cannot adequately compensate for nonlinear behaviour. In modern industrial practice, advanced control strategies such as model predictive control have been widely studied to improve system performance; however, their application in highly nonlinear and uncertain environments remains challenging (Qin & Badgwell, 2003). To address these challenges, intelligent control methods have emerged as a promising solution for nonlinear and uncertain systems. Neural network-based approaches allow accurate approximation of nonlinear system dynamics, while adaptive algorithms improve control performance by adjusting parameters in real time (K. Usmanov, Yakubova, Rejabov, et al., 2026; Zhao et al., 2016). In addition, fuzzy adaptive control methods provide an effective framework for decision-making under uncertainty, enabling robust performance in systems with incomplete or noisy information (Zhou et al., 2023). Recent studies have demonstrated the effectiveness of hybrid intelligent control approaches in complex thermal and energy systems. In particular, the integration of fuzzy logic and advanced adaptive mechanisms has shown significant improvements in robustness and energy efficiency compared to conventional control methods (Yakubova et al., 2026). Similar intelligent control strategies have been successfully applied to nonlinear drying processes, confirming their ability to handle variable environmental and operational conditions (K. Usmanov et al., 2026). Furthermore, the synthesis of control systems for diesel fuel hydrotreating processes using advanced methods highlights the importance of nonlinear and adaptive control frameworks for achieving stable operation (K. I. Usmanov et al., 2023). Recent studies have further demonstrated that hybrid intelligent control architectures integrating adaptive learning and fuzzy reasoning significantly improve the dynamic performance and robustness of nonlinear industrial processes (K. Usmanov et al., 2023). Furthermore, recent advances in deep learning have demonstrated significant potential for capturing highly complex nonlinear relationships in industrial processes, enabling improved prediction accuracy and control performance in dynamic environments (LeCun et al., 2015). In addition, data-driven modeling and control approaches based on artificial intelligence have shown strong capability in handling uncertainty and improving robustness in complex industrial systems (Papadimitrakis & Alexandridis, 2022). The purpose of this study is to develop an intelligent control framework for diesel fuel hydrotreating under nonlinear and uncertain operating conditions. The proposed approach is implemented in MATLAB/Simulink and compared with a conventional PID controller in terms of dynamic performance, robustness and energy efficiency.
2. Methodology
	The methodology is based on the development of a nonlinear dynamic model of the hydrotreating reactor and the synthesis of an intelligent control system (Sheikhi Kordkheili & Rahimpour, 2023). The reactor is considered as a nonlinear, multivariable and uncertain control object. According to the modelling approach used in the provided source, the main controlled technological parameters are the reactor temperature and the outlet component concentration, while the control actions are associated with feed flow rate and coolant flow rate 
The material balance equation for the reacting component is written as:
	(1)
 where  is the concentration in the reactor, the inlet concentration,   is the volumetric flow rate,  is the reactor volume, and  is the reaction rate. Since the hydrotreating reaction depends strongly on temperature, the reaction rate is expressed by the Arrhenius-type nonlinear function:
	(2)
where  is the pre-exponential factor, E is the activation energy, R is the universal gas constant, T(t) is the reactor temperature, and n is the reaction order. This equation shows that temperature variations directly influence the reaction rate and, consequently, the concentration dynamics.
The reactor temperature is described by the heat balance equation:
	(3)
where is the inlet temperature,  is the coolant temperature,  is the heat effect of reaction, is the density of the reaction mixture,  is the heat capacity,  is the heat transfer coefficient, and  is the heat exchange surface area. Equations (1)-(3) form the nonlinear dynamic model of the hydrotreating reactor.
The nominal operating conditions, kinetic parameters, thermophysical properties, and PID tuning constants adopted for the comparative simulations are summarized in Table 1. The parameters were selected within physically reasonable ranges reported for diesel hydrotreating systems and were kept identical for both control strategies.
	Parameter
	Symbol
	Value
	Unit

	Reactor working volume
	
	5.0
	

	Nominal feed flow rate
	
	0.025
	

	Inlet component concentration
	
	12.0
	

	Reference outlet concentration
	
	10.0
	

	Inlet feed temperature
	
	330
	

	Reactor-temperature reference
	
	350
	

	Coolant temperature
	
	300
	

	Liquid-mixture density
	
	820
	

	Specific heat capacity
	
	2,200
	

	Overall heat-transfer coefficient
	
	450
	

	Effective heat-transfer area
	
	15.0
	

	Reaction heat magnitude
	
	55,000
	

	Activation energy
	
	55,000
	

	Pre-exponential factor
	
	
	

	Reaction order
	
	1.0
	-

	Universal gas constant
	
	8.314
	)

	Simulation sampling interval
	
	0.10
	

	Temperature-error weight
	
	0.50
	-

	Concentration-error weight
	
	0.50
	-

	PID proportional gain
	
	2.40
	-

	PID integral gain
	
	0.18
	

	PID derivative gain
	
	0.65
	



The parameters listed in Table 1 were applied consistently in all nominal-operation, set-point tracking, disturbance-rejection, and parameter-uncertainty simulations. The PID gains were obtained by simulation-based tuning around the nominal operating point  and . The same nonlinear reactor model, initial conditions, simulation horizon, and disturbance scenarios were used for the PID and intelligent controllers to ensure a fair and reproducible comparison. The PID gains were fixed during each simulation, whereas the neural-network weights of the intelligent controller were updated online according to Equations (10) and (11).
The control objective is to maintain the reactor temperature and outlet concentration close to their reference values. The temperature and concentration errors are defined as:
	(4)
	(5)
where  and  are the desired reference values. The general control vector is expressed as:
	(6)
where  represents the feed flow control action and   represents the coolant flow control action. These two channels are selected because they directly affect the concentration and temperature dynamics of the reactor. 
	The proposed intelligent controller combines neural network approximation, fuzzy logic reasoning and adaptive correction. The total control signal is written as:
	(7)
where  is the neural network compensation signal,  is the fuzzy control signal, and  is the adaptive correction signal. The neural network block approximates unknown nonlinearities of the process as follows:
		(8)

where  is the adaptive weight vector, 	(x(t)) is the nonlinear activation function vector, and x(t) is the state vector consisting of temperature, concentration and their errors. The fuzzy component generates a control correction according to the membership functions and rule outputs:
	(9)

where is the membership degree of the i-th rule,  is the output of the corresponding fuzzy rule, and N is the number of rules. The adaptive law updates the neural network parameters according to the current control error:
	(10)

where  is the learning rate and  is the generalized error. For the multivariable system, the generalized error is expressed as:
	(11)

where  and  are weighting coefficients for temperature and concentration errors.
The generalized error function defined in Equation (11) serves as the objective function for updating the adaptive neural-network weights in Equation (10). During each sampling interval, the weight vector is iteratively updated using the gradient-descent learning algorithm to minimize the combined temperature and concentration tracking errors. In the present study, equal weighting coefficients , were adopted, providing balanced regulation of reactor temperature and outlet concentration. This selection assigns equal importance to both controlled variables and ensures stable convergence of the adaptive learning process.
The proposed control system is implemented in MATLAB/Simulink. The nonlinear reactor model is developed using MATLAB Function blocks, while a conventional PID controller serves as the benchmark for performance comparison. The proposed intelligent controller integrates neural-network approximation, fuzzy inference, and adaptive tuning mechanisms to compensate for nonlinear process dynamics and operating uncertainties. The simulation study comprises nominal operating conditions, set-point tracking, disturbance rejection, and parameter-uncertainty scenarios to comprehensively evaluate controller performance under identical operating conditions. The overall architecture of the proposed intelligent control system is illustrated in Figure 1. 
[image: ]
Figure 1. General structure of the intelligent control system for diesel fuel hydrotreating.
3. Results and discussion
The performance of the proposed intelligent control system was evaluated in MATLAB/Simulink using the nonlinear hydrotreating reactor model described by Equations (1)-(3). The objective of the simulation study was to compare the proposed intelligent controller with a conventional PID controller under identical nonlinear and uncertain operating conditions. Reactor temperature and outlet concentration were selected as the controlled output variables, whereas feed flow rate and coolant flow rate were used as the manipulated variables. The evaluation considered nominal operating conditions, set-point tracking, disturbance rejection, and parameter uncertainty to provide a comprehensive assessment of controller performance.
Figure 2 compares the reactor temperature responses obtained using the conventional PID controller and the proposed intelligent controller. The proposed controller reaches the desired temperature more rapidly with significantly smaller overshoot and reduced oscillations than the conventional PID controller. Owing to its fixed control parameters, the PID controller cannot fully compensate for the nonlinear temperature-dependent reaction kinetics, resulting in a slower transient response and a longer settling time. In contrast, the intelligent controller continuously adapts the control action according to the current process conditions through neural -network approximation, fuzzy inference, and adaptive parameter tuning. Consequently, the proposed controller exhibits superior dynamic performance and improved temperature regulation.
[image: ]

Figure 2. Reactor temperature response under PID and intelligent control.
The quality of temperature regulation was evaluated using the integral squared error:
	(12)
where  is the reactor temperature tracking error. Lower values of  indicate better temperature regulation performance. The simulation results demonstrate that the proposed intelligent controller reduces the settling time by approximately 25-30 % compared with the conventional PID controller while maintaining a smoother transient response and improved stability.
Figure 3 illustrates the outlet concentration responses obtained under identical operating conditions. The proposed intelligent controller accurately tracks the desired concentration with a smaller steady-state error and faster convergence than the conventional PID controller. The nonlinear interaction between concentration and reaction kinetics increases the complexity of concentration regulation, making fixed-parameter PID control less effective. The intelligent controller effectively compensates for these nonlinear interactions, resulting in more accurate concentration control.
[image: ]
Figure 3. Outlet concentration response under nonlinear operating conditions.

The concentration control quality is estimated as:
	(13)
where  denotes the outlet concentration tracking error. The simulation results indicate that the proposed intelligent controller decreases the steady-state concentration error by approximately 15-20 % relative to the conventional PID controller. These results confirm the improved tracking accuracy reported in the abstract.
Figure 4 compares the control signals generated by both controllers. The proposed intelligent controller produces a considerably smoother control signal with fewer oscillations than the conventional PID controller. Because the PID controller employs fixed control gains, it generates larger fluctuations in response to nonlinear process variations. In contrast, the adaptive and fuzzy correction mechanisms continuously modify the control action, thereby reducing unnecessary actuator movements and improving overall control efficiency.
[image: ]

Figure 4. Comparison of control signals generated by the conventional PID and proposed intelligent controllers.

The control effort is calculated by:
	(14)
where lower values of  indicate more efficient utilization of the control signal. The relative improvement in energy efficiency was calculated as

	(15)
where  denote the control efforts of the conventional PID controller and the proposed intelligent controller, respectively. The simulation results show that the proposed controller improves energy efficiency by approximately 18 %, mainly because of the smoother control action and reduced actuator activity.
Figure 5 illustrates the disturbance-rejection performance of both controllers under uncertain operating conditions. An external disturbance was introduced through variations in the inlet temperature or feed concentration. Following disturbance application, the proposed intelligent controller restored the reactor to its desired operating condition more rapidly and with considerably smaller deviations than the conventional PID controller. These results demonstrate the robustness and adaptability of the proposed intelligent control strategy.
[image: ]

Figure 5. Disturbance rejection performance under uncertain operating conditions.

The disturbance rejection capability was evaluated using the recovery time:
	(16)
where  represents the disturbance application time and denotes the acceptable error band. Smaller values of  correspond to faster recovery and better disturbance rejection.
The overall improvement in settling time is expressed as:
		(17)
whereas the relative reduction in control error was determined by:
 		(18)
	The simulation results indicate that the proposed intelligent controller reduces the settling time by approximately 25-30 % while decreasing the overall control error by approximately 15-20 % compared with the conventional PID controller. These quantitative improvements are fully consistent with the performance indicators reported in the abstract and confirm the superior dynamic response, tracking accuracy, robustness, and energy efficiency of the proposed intelligent control strategy.
To further evaluate robustness, additional simulations were performed by varying the reaction-rate constants and heat-transfer coefficients. These parameter variations represent process uncertainties commonly encountered in practical diesel fuel hydrotreating systems. Under these conditions, the conventional PID controller exhibited increased sensitivity and degraded dynamic performance. In contrast, the proposed intelligent controller maintained stable regulation because the neural-network approximation and adaptive tuning mechanisms continuously compensated for changes in the process dynamics. These results confirm that the proposed control strategy is well suited for nonlinear and uncertain industrial operating conditions.

5. Conclusions
This study developed an intelligent control framework for diesel fuel hydrotreating under nonlinear and uncertain operating conditions. The proposed approach is based on a nonlinear dynamic model of the hydrotreating reactor, derived from material and heat balance equations with temperature-dependent reaction kinetics. The control structure integrates neural network approximation, fuzzy logic reasoning and adaptive parameter tuning in MATLAB/Simulink.
The simulation results demonstrate that the intelligent controller provides better performance than the conventional PID controller. The reactor temperature response becomes faster and smoother, the outlet concentration is regulated more accurately, and the control signal becomes less oscillatory. The settling time is reduced by approximately 25-30 %, the control error decreases by about 15-20 %, and the energy efficiency improves by up to 18 %. The disturbance rejection results also confirm that the proposed system remains stable under uncertain operating conditions.
The developed methodology can be applied not only to diesel fuel hydrotreating, but also to other nonlinear chemical and energy-intensive industrial processes. The results show that intelligent control technologies provide an effective solution for improving stability, adaptability and energy efficiency in modern chemical engineering and industrial automation.
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