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ABSTRACT 

	[bookmark: _Hlk207730239][bookmark: _Hlk209367169]Rapid Thermal Processing (RTP) is a key technology for semiconductor manufacturing. However, the strong coupling, nonlinearities, and multiple disturbances inherent in RTP render accurate physical modeling extremely challenging. This paper studies the application of subspace predictive control (SPC) to a wafer RTP system driven by standard tungsten halogen lamps. This control algorithm does not require an exact RTP physical model and employs a data-driven method for temperature control. The subspace identification algorithm is employed to construct a subspace-based predictor for the RTP system. A pseudo-random binary series (PRBS) is designed as the excitation signal for the RTP system to obtain the input and output data. The designed PRBS excitation signal produces a response that effectively captures the system dynamics. Finally, temperature control of RTP system is achieved through SPC. Experimental results show that the achieved wafer temperature uniformity and control accuracy satisfy the required RTP performance metrics. The SPC algorithm provides a feasible alternative to model-based strategies in complex industrial environments.
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1. INTRODUCTION
Precise temperature control across wafers and wafer stacks is essential for multiple semiconductor-manufacturing processes. Rapid Thermal Processing (RTP) is widely employed in semiconductor manufacturing to precisely tailor material properties—enhancing or modulating conductivity, dielectric constant, and density while eliminating contaminants (Fair et al.; Singh et al.; Borisenko et al.; Campbell et al.). As device sizes in ultra-large-scale integration (ULSI) continue to shrink, semiconductor manufacturing technology faces increasingly formidable challenges. It is necessary to constantly update the technology to improve the accuracy and uniformity of wafer temperature in RTP system (Hou et al.; Zhu et al.).

There are many mature control strategies for RTP temperature control system. For instance, Xiao et al. (2015) extracted the dominant modes using the Karhunen–Loeve (K-L) based Galerkin’s method to construct an RTP reduced-order model and designed an iterative learning controller. Similarly, Yuan et al. (2024) designed a feedforward decoupling PID control based on a five-order coupled thermal model. In another approach, Ling et al. (2010) proposed a scheme that combines feedforward compensation with model predictive control (MPC). Furthermore, Xiao et al. (2018) applied synergetic control to the RTP system. In contrast, MPC offers distinct advantages for temperature regulation in RTP due to its inherent capabilities for handling constrained, multivariable, and multi-objective optimization.

However, the practical implementation of MPC is heavily reliant on the availability of an accurate mathematical model, whose precision is critical to ensuring closed-loop stability and overall control performance (Morari et al., 1999). The RTP system itself belongs to a typical multi-input multi-output, strong coupling distributed nonlinear time-varying process (Fair et al., 2012). The physical properties of the wafer vary with temperature in a highly uncertain manner. Consequently, maintaining temperature uniformity across the wafer surface within a strict tolerance of 5 ℃ is essential for normal process operation (Dassau et al., 2006). It is worth noting that RTP is a highly integrated system with a variety of superimposed physical fields, such as temperature, pressure, magnetic fields, and cooling circulation systems. Therefore, the correlation between channels results in strongly coupled characteristics (Anderson et al., 2004). Under field conditions, it is necessary to consider the uniformity between output temperatures under the condition of limiting according to the actual equipment safety driving index. The above contents all reflect that it is difficult to obtain the temperature model of RTP process. The above factors collectively make it exceptionally difficult to derive an accurate temperature model for the RTP process. To overcome the difficulties in modeling RTP systems, researchers have made numerous efforts. For instance, Budiono et al. (2025) proposed a data-driven temperature control method based on iterative experiments and phase-plane analysis. Similarly, Okachi et al. (2025) constructed reusable digital twin models by introducing physics-based intermediate variables and object-oriented encapsulation strategies. Our research has found that data-driven control strategies yield excellent control performance for RTP systems.
With the development of information technology and control theory, it has become possible to measure and store data during the operation of the equipment (Berberich et al., 2022; Campi et al., 2002). These data implicitly model the system, enabling direct data-driven controller design (Hou et al., 2010). The subspace predictive control (SPC) algorithm proposed by De Moor and Favoreel directly utilizes input–output data to regulate the plant (Favoreel et al., 1999). The SPC algorithm bypasses the need for accurate mechanistic models. The SPC algorithm can directly obtain the mathematical model in the form of state space according to the collected input and output data, and the subspace predictor equation of the identified intermediate result can be used as the prediction model. Based on least-squares principles, the SPC admits a simple recursive implementation with excellent numerical properties. Zhao et al. (2022) used data-driven predictive control to tame the fast nonlinearity of selective catalytic reduction (SCR), cutting NOx and NH₃ emissions within real-time limits. Vajpayee et al. (2020) augmented subspace predictive control with a disturbance observer for agile load-following in pressurized-water reactor nuclear power plants. Carlet et al. (2022) benchmarked model-free against model-based predictive control on synchronous motor drives, showing identical performance. These studies demonstrate that data-driven SPC achieves effective control over complex systems.
In this study, a data-driven SPC algorithm is developed for the RTP system. First, the pseudo-random binary series (PRBS) matched with the RTP system is studied and designed as the excitation voltage. In order to design such PRBS to persistently excite the system, several pre-experiments for determining its settling time and maximum frequency are needed to be designed beforehand. Then, the control algorithm employs subspace identification to derive a predictor that serves as the multi-step output equation. Finally, the effectiveness of the SPC algorithm for RTP wafer temperature control is verified by numerical simulation.

[bookmark: _Hlk209368200]This paper is organized as follows. Section 2 reviews the SPC fundamentals. Section 3 designs the specific parameters of PRBS. Section 4 verifies the effectiveness of SPC on RTP temperature control by simulation. Section 5 concludes the paper.

2. SRC ALGORITHM
The linear system can be described by the following process form

,                                                                       (1)

,                                                                        (2)







where , , and  are the input, output and state of the system. The matrices , , , and  are the state, input, output, and feed-through gain matrices of the system.
It is assumed that the input excitation and output temperature measured in the pre-experimental stage are

,                                                                        (3)
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where  is the length of the collected data. This data can be decomposed into  prediction problems, each prediction horizon is . It is assumed that the measurements of inputs and outputs ,  for are available. The data block Hankel matrices for  are defined as

,                                                              (5)
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The subscripts  and  denote past and future matrices respectively. Each block element in the Equation (5) and Equation (6) is a column vector of inputs, . Similarly data Hankel matrices for output  , represented as  and   can be written. 

,                                                                    (7)
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Also, we define the state sequence as

,                                                                        (9)

    .                                                                    (10)
Equation (1) and Equation (2) recursively obtain the predicted output matrix

,                                                                         (11)





where  is the extended observability matrix, is the block Toeplitz matrices containing the impulse response of the system to the deterministic input respectively.  and  can be expressed as


,.                                                       
The prediction of the output can be written as



,                                                                        (12)




where .  is the output of the data-driven predictor model,  is the subspace matrix that corresponds to the past input and output data, and  is the subspace matrix that corresponds to the future input data. These predictor matrices can be computed approximately by solving the following least-squares problem

.                                                                    (13)





Subspace identification uses linear algebra tools QR decomposition and SVD decomposition to solve the above least squares problem. The optimal predicted value  for the future output increment  can be described as the orthogonal projection from the column space  onto the column space composed of  and .

.                                                                               (14)
The numerical realization of this projection can be obtained by QR decomposition

,                                                               (15)


where  is a lower triangular matrix and  is an orthogonal matrix. Solve equation (14)

  

    



.                                                                                (16)
Obtain the parameter matrix

,                                                            (17)


where  and . The element matrices in Equation (12) is analyzed as follows

.                                     (18)



The subspace matrix of Equation (12) is analyzed in detail. The first row of the subspace matrix  is the Auto-Regressive with exogenous inputs (ARX) model of the system. When , the subspace matrix  serves as the impulse response model for the system's deterministic inputs.


The target signal of the control output  is defined as . Within the prediction horizon, the objective of the predictive control system is to make the predicted output as close as possible to the target signal. We assume the target signal remains constant throughout the optimization window and define

	.                                                                          (19)

In addition to ensuring output tracking of the desired reference trajectory, it is critical to mitigate excessive variations in the control input. This objective can be achieved by incorporating soft constraints into the performance index function formulation. Therefore, SPC solves the following constrained quadratic programming (QP) problem at each sampling instant 

,                                                             (20)











where  and  are extended weight matrices, which are composed of weight matrices  and .  is prediction horizon and  is control horizon.  and  are defined as being equal to . The definitions of  and  are

                                                                           (21)

Use Equation (20) to solve . It should be noted that only the first value in the current value can be selected to calculate the next control. This rule must be followed in every subsequent iteration. Since the classical QP problem is used to solve the optimal control quantity, it is proved that the SPC algorithm also has the ability to deal with constraints.



The SPC control algorithm establishes sliding data windows  and  by collecting past input and output data at time , and calculates the current control amount based on past data. In order to ensure the quality of the collected data, the Kalman filter algorithm is used for data optimization. 

Remark 1: The effective implementation of the SPC algorithm depends on the compatibility between the subspace estimator and the controlled object, as well as the quality of the acquired data. Among these factors, significant nonlinear characteristics introduced by large-scale variations in the operating point and changes in the physical properties of the controlled object can lead to mismatch in the subspace estimator. We will subsequently validate the algorithm's effectiveness under these varying conditions. For data containing disturbances, the SPC equipped with a Kalman filter can inherently perform data optimization.
Remark 2: The computational requirements of the SPC algorithm are reduced compared to the MPC algorithm. The SPC algorithm eliminates the multi-step predictive recursion process in the MPC algorithm, directly obtaining the subspace estimator from the pre-experiment. Therefore, the computational demands of the SPC algorithm have a lesser impact on implementation.
3. EXCITATION SIGNAL DESIGN
3.1 RTP System


RTP is an inherently dynamic and nonlinear process. The system exhibits interesting properties: different component time constants, radiation-dominated nonlinear behavior, nonlinear lamps, power supply effects, sensor number and placement, lamp number and placement, and large temperature variations. To quantify the response time and its temperature dependence, we consider a simplified nonlinear model incorporating radiative  and conductive  heat transfer terms (Ebert et al. 2004).

,                                                                (22)






where , , , and .  is the wafer temperature and  is the control voltage. 
To estimate the subspace predictor for the nonlinear RTP system at a specific environmental temperature, the input voltage for the lamp is chosen as mutually independent PRBS. Owing to its favourable statistical properties and strong resemblance to white noise, PRBS signals ensure high estimation accuracy.
3.2 Calculate The Settling Time  


The transient time  of the input is measured based on the time interval during which the step response first enters and remains within a specified range around the steady-state value. This range is defined to ensure the response does not exceed the set boundaries. By observing the pulse signal output, the transition process time of the single-input system can be accurately determined. The step signal is well applied to the observation transient time. A step signal with amplitude of 1 is input to the system, and  is 10.1 s from Fig. 1.
[image: ]
Fig. 1. The step response of the wafer RTP system
To get accurate results, we need to design a valid input in advance that not only meets the stable output but also meets the requirements of the field equipment for the process. It has been pointed out above that the production of chips requires strict uniformity of heating.

3.3 The Maximum Working Frequency 


The Maximum Working Frequency  is measured by observing the tracking ability of the system to the square wave signal. It corresponds to the open-loop cutoff frequency, beyond which signals are significantly attenuated. In digital signal processing, this cutoff frequency serves as a critical threshold. Any signal component with a frequency higher than this value is assigned zero magnitude, a practice essential for preventing aliasing and maintaining system stability. The  defines the upper limit of effective response frequency of the system and determines that the excitation signal must have sufficient bandwidth. The excitation signal must be able to continuously excite the system so that its frequency components cover all important dynamic modes of the system.
A square wave with a 50% duty cycle is used as the input signal, applied to the system from its low-frequency band. The frequency is gradually increased while the output response is observed. In the case of continuous experiments, the input response under the 50 % duty cycle pulse ( 6.7Hz ) excitation is as follows.
[image: ]
Fig. 2. The pulse response of the wafer RTP System



3.4 PRBS parameters


Select appropriate shift pulse period , cycle count , and PRBS structural parameters to comprehensively capture the dynamic characteristics of the RTP process. The following constraints should be met

,                                                                             (23)

.                                                                          (24)



In order to ensure that the PRBS can excite all the dynamic frequency bands of the system, the maximum frequency must cover the  of the system. The calculated value of  ensures that the primary excitation frequency band of the PRBS covers the system's critical operating frequencies, thereby enabling accurate identification of the system's dynamic response speed. The period length of PRBS must be greater than the stabilization time of the system to ensure that the system can fully respond and enter a steady state. The  obtained in this way can ensure that the collected data contains the complete dynamic information of the system. The amplitude of the PRBS can be determined by the characteristics of the RTP system to ensure that the signal-to-noise ratio is maximized.

3.5 PRBS design






This paper considers a classic engineering case as an example. When PRBS is selected as the excitation signal of the pre-experiment, the amplitude, both the shift pulse period  and the cycle count  of PRBS need to be determined. We set the amplitude to 1. According to the analysis of Fig. 1 and Fig. 2, the system transient time  10.1s and the maximum operating frequency  6.7Hz were measured, 0.04s and  255 were calculated.
[image: ]
Fig. 3. PRBS excitation signal designed for RTP system
[image: ]
Fig. 4. Output excitation response of the wafer RTP System


Fig. 3 and Fig. 4 show the input  and output  data in the pre-experiment. To ensure the quality of incentive response data, the Kalman filter algorithm is employed for data optimization. As visually presented in Fig. 3, the random fluctuations of the PRBS signal over one cycle clearly demonstrate its broad temporal distribution. The pseudo-random nature of the signal ensures continuous and sufficient excitation of all dynamic modes within the system. Fig. 4 illustrates the system’s dynamic behavior under the stimulation of the aforementioned PRBS. The output response over three cycles is selected based on empirical observation. As seen in Fig. 4, the output exhibits good repeatability, confirming that the designed PRBS effectively excites the system. The response shape is determined by the system’s inherent dynamic characteristics, such as inertia, time delays, and other dynamic properties.
4. simulation

4.1 Simulation verification




The controller parameters  and  are set to 5,  = 15 and  = 1. Fig. 5 shows the temperature control of the single wafer RTP system by the SPC control algorithm. The wafer temperature can well track the reference input. In terms of steady-state error, the wafer temperature is 25.013℃. The error is far less than the engineering relative error of 0.5℃. Fig. 6 shows the control voltage of the single wafer RTP system.
[image: ]
Fig. 5. The control temperature of the wafer RTP System
[image: ]
Fig. 6. The control voltage of the wafer RTP System
[image: ]
Fig. 7. The control temperature of the wafer RTP System
In order to verify the anti-interference ability of the control system, a step disturbance is added after the temperature is stable. It can be seen from Fig. 7 that the control algorithm has a good effect on suppressing disturbance.

4.2 Supplementary verification
The common RTP equipment in engineering belongs to a typical multi-input multi-output, strong coupling distributed nonlinear time-varying process. This paper further considers a three-in-three-out linear RTP model for supplementary verification (Franklin et al. 2002).

,                                                                           (25)

,                                                                           (26)
where

,


 is a unit matrix,  is a zero matrix. This linear model is used for supplementary verification, with PRBS designed as the excitation signal for the MIMO wafer RTP system. It should be noted that when designing PRBS parameters for this third-order system, a step signal is applied to each input channel sequentially to determine the most suitable settling time. To identify the maximum operating frequency, the input square wave is swept upward from a low frequency until at least one of the three output waveforms shows no significant oscillation. Finally, three mutually uncorrelated PRBS sequences with identical amplitude are generated. Fig. 8 illustrates these three PRBS excitation signals, with one cycle displayed. Fig. 9 presents the corresponding MIMO RTP system response, which exhibits clear periodic behavior, confirming the effectiveness of the PRBS design.
Fig. 8. The PRBS of the MIMO wafer RTP System

[image: ] [image: ] [image: ]
 


[image: ]
Fig. 9. The excitation response of the MIMO wafer RTP System
[image: ]
Fig. 10. The control temperature of the MIMO wafer RTP System
Fig. 10 shows the temperature control of the MIMO wafer RTP system by the SPC algorithm. The average deviation of the three output temperatures from the target is 0.008 °C, and the maximum pairwise difference among the three zones is only 0.007 °C, indicating excellent temperature uniformity. Fig. 11 presents the corresponding control voltages applied to the MIMO RTP system.
[image: ]
Fig. 11. The control voltage of the MIMO wafer RTP System

In practical engineering application, we plan to validate the control effectiveness of the SPC algorithm for RTP system in engineering through a multi-level verification strategy. First, the control theory layer has already been validated in previous chapters. Second, we have partnered with a company to obtain historical operational data from their RTP system. This enables controller design and performance verification based on real-world model data. Finally, during the initial phase of this collaboration, we employed a robust algorithm for simplified control, selecting a Programmable Logic Controller (PLC) as the controller and achieving satisfactory results. In the later stage, we plan to apply SPC algorithm to overcome the modeling difficulties of RTP system to achieve better control effect.
Through these progressive validation methods, moving from theoretical to practical applications, we are confident in fully demonstrating the accuracy and effectiveness of the proposed approach in real-world implementation.

Remark 3: Based on the distinct origins of nonlinearity in RTP systems, the selected mitigation strategies must also be explicitly targeted. For thermal radiation-dominated nonlinearity, a recursive least-squares algorithm can be employed to perform real-time updates on the estimated subspace estimator. For material property variations and coupling effects, feedforward compensation and decoupling design approaches can be adopted.

5. conclusion
The previous studies have shown that establishment of physical model of RTP is difficult due to the strong coupling, nonlinearities, and multiple disturbances inherent in RTP. In this paper, a data-driven predictive control strategy is developed for RTP system through subspace method. In the pre-experiment stage, a PRBS excitation signal is designed to acquire the input and output data necessary for the subspace identification method. The step signal and square wave signal are designed as the input signal of RTP system respectively, and the relevant parameters of PRBS are obtained. The collected data is calculated to obtain the subspace predictor. The subspace predictor is used to replace the multi-step predictive output equation in classical MPC. Simulations on first- order and third-order RTP models confirm both set-point tracking and disturbance-rejection capabilities across different model orders.
Although the algorithm has only been validated in simulation, environmental uncertainties will be addressed in upcoming fab trials. After minor retuning, the same SPC framework is expected to deliver comparable performance on other strongly nonlinear processes.
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