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Abstract 

This paper presents an advanced control strategy aimed at accelerating the temperature recovery time in industrial heating 
ovens, particularly in response to observable disturbances such as periodic door openings. The proposed method combines a 
Takagi-Sugeno-Kang (TSK) elliptic fuzzy-based adaptive proportional-integral-derivative (PID) control with a static 
feedforward (FF) control strategy. The TSK elliptic fuzzy system models the input-output dynamics and adaptively adjusts the 
PID gains, allowing the controller to respond effectively to varying system conditions. The static feedforward control is designed 
to specifically counteract the measurable disturbances to shorten recovery time and improve stability. The strategy is validated 
through both simulation and experiment on a low-cost STM32 microcontroller. Compared with a conventional PID controller, 
it reduced the RMSE by 32.27 % and the ISE by 54.13 %, together with a recovery time shortened by approximately 72 s, reflecting 
the faster disturbance recovery achieved by the static feedforward action. Experimental results confirmed these findings, with a 
higher feedforward gain further reducing the temperature drop and accelerating recovery. The proposed technique offers a 
reliable and practical solution for practitioners in managing similar disturbance patterns in industrial settings. 

Keywords: adaptive proportional-integral-derivative (PID); elliptic membership function; feedforward (FF) control; heating 
oven; Takagi-Sugeno-Kang (TSK) fuzzy. 

 
 

I. Introduction 
Industrial heating ovens play a critical role in 

various manufacturing processes, including heat-
treating metals, curing coatings, baking, and, more 
importantly, the semiconductor packaging industry. 
Maintaining precise temperature control in the 
presence of disturbances is crucial for product quality, 
process efficiency, and ensuring that products receive 
the correct temperature exposure for the required 

duration. A particularly common and impactful 
disturbance in industrial settings is the periodic 
opening of oven doors for loading or unloading 
materials, which introduces a sudden and significant 
thermal drop [1]. Although such door-opening events 
are predictable and measurable, they can cause 
prolonged temperature recovery times, energy 
inefficiency, and potential quality degradation in the 
processed materials [2][3]. 

https://doi.org/10.55981/j.mev.2026.1094
https://doi.org/10.55981/j.mev.2026.1094
https://issn.brin.go.id/terbit/detail/1434164106
https://issn.brin.go.id/terbit/detail/1436264155
https://mev.brin.go.id/mev
mailto:clara_lavita_angelina@polman-babel.ac.id
https://doi.org/10.55981/j.mev.2026.1094
https://sinta.kemdikbud.go.id/journals/detail?id=814
https://creativecommons.org/licenses/by-nc-sa/4.0/
https://crossmark.crossref.org/dialog/?doi=10.55981/j.mev.2026.1094&domain=pdf
https://orcid.org/0000-0001-5667-2269
https://orcid.org/0000-0002-0375-3759
https://orcid.org/0000-0002-7334-1338
https://orcid.org/0000-0002-2326-1858


A. Rospawan et al. / Journal of Mechatronics, Electrical Power, and Vehicular Technology 17 (2026) 194-205 195 

Proportional-integral-derivative (PID) control 
remains the dominant solution for industrial 
temperature regulation owing to its simplicity, 
robustness, and ease of implementation, and continues 
to serve as the baseline upon which modern tuning and 
optimization schemes are built [4]. However, 
conventional PID control suffers from two limitations. 
First, fixed PID gains involve an inherent trade-off, 
namely, an excessive proportional or integral gain 
causes overshoot and oscillation, while insufficient gain 
results in slow response and persistent steady-state 
error. Similarly, excessive derivative gain amplifies 
measurement noise, while insufficient derivative gain 
fails to damp the transient response [5]. Second, and 
more fundamentally, PID is purely a reactive feedback 
mechanism, in which it can only respond to a 
disturbance after the resulting error has already 
appeared at the output. For a heating oven with large 
thermal inertia and a long-time delay, this reactive 
nature inherently limits how quickly the temperature 
can recover after a door-opening event, regardless of 
how well the gains are tuned. 

To address the first limitation, considerable 
research effort has been devoted to adaptive and 
intelligent PID strategies that adjust the controller gains 
online, with fuzzy logic in particular proving practical 
even on resource-constrained embedded platforms. 
The authors in [6] proposed a differential-evolution-
based adaptive fuzzy PID controller that dynamically 
adjusts the control parameters in response to changing 
conditions in a continuous stirred tank reactor (CSTR), 
effectively handling process nonlinearities and 
uncertainties. However, the gain adaptation is driven 
solely by the feedback error, and the controller 
therefore still reacts only after a disturbance has 
propagated to the output, and no mechanism exploits 
prior knowledge of a recurring disturbance. Similarly, 
an improved particle swarm optimization-based fuzzy 
PID (IPSO-PID) algorithm was introduced in [7] to 
overcome the inadequate adaptability and slow 
response of conventional temperature control, 
demonstrating clear improvements in adaptability and 
response time. Nevertheless, population-based 
optimization such as PSO imposes a considerable 
computational burden that is poorly suited to low-end 
microcontrollers [8], and, like [6], the scheme remains 
a pure feedback structure with no anticipatory action 
against known disturbances. 

To overcome the reactive nature of feedback-only 
structures, several studies have integrated feedforward 
(FF) action with PID-type controllers. A feedforward-
augmented load frequency controller for microgrids 
was proposed in [9], in which disturbances estimated 
by a disturbance observer are compensated in a 

feedforward path, reducing frequency-deviation 
criteria. The effectiveness of [9], however, depends on 
the accuracy and convergence of the disturbance 
observer, which adds design complexity and 
computational load that may be unnecessary when the 
disturbance is directly measurable. The authors in [10] 
combined an intelligent-PID controller with a PD 
feedforward term to improve trajectory tracking of an 
autonomous underwater vehicle under complex 
disturbances, significantly outperforming traditional 
PID; yet the feedforward term is derived from the 
reference trajectory rather than from an exogenous 
disturbance signal, so the approach does not directly 
transfer to disturbance rejection in thermal processes. 
Closer to the present work, static feedforward terms 
injected directly into fuzzy-based PID loops were 
proposed in [11] and [12] for the air-supply and 
hydrogen-pressure subsystems of vehicular fuel cells, 
improving dynamic response and stability. These 
studies confirm the practical value of static feedforward 
compensation. However, they address fast 
electrochemical/pneumatic dynamics rather than slow, 
long-time-delay thermal dynamics, and neither 
combines the feedforward action with an online-
adapting PID whose gains are tuned by a learned model 
of the plant. 

From these recent studies, it is evident that existing 
adaptive intelligent PID schemes improve gain tuning 
and transient response but remain purely reactive and 
mostly not suitable for low-end hardware. To the best 
of our knowledge, no prior work has combined a static 
feedforward compensator, triggered directly by a door-
state sensor and sized analytically from the thermal 
energy balance, with an online TSK elliptic fuzzy-based 
adaptive PID controller implemented on a low-end 
microcontroller, for fast temperature recovery in 
industrial heating ovens subject to periodic door 
openings. 

Accordingly, this paper proposes an enhanced 
control strategy that integrates TSK elliptic fuzzy-based 
adaptive PID control with static feedforward 
compensation. The PID controller serves as the main 
feedback controller, and the TSK elliptic fuzzy 
identification system models the oven's input-output 
dynamics online and adaptively adjusts the PID gains, 
accelerating the otherwise slow transient response 
while maintaining stability at the desired setpoint. The 
static feedforward path, activated by the door-state 
signal, anticipates the thermal loss caused by door 
openings and preemptively injects the compensating 
control effort, thereby shortening the recovery time 
well beyond what feedback action alone can achieve. 
The TSK elliptic membership function is adopted over 
conventional triangular or Gaussian forms because its 
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wider, elliptical support has been shown to handle noise 
and nonlinearity more effectively, offering a more 
flexible and robust representation of uncertainty under 
parameter variation and external disturbance [13]. By 
capturing a broader range of input data with enhanced 
membership-degree shapes, TSK elliptic fuzzy systems 
can deliver more accurate control actions and better 
overall stability [14]. 

The objectives of this study are fourfold. First, a 
comprehensive model of an industrial heating oven is 
developed as a first-order time-delay (FOTD) system, 
accounting for observable disturbances in the form of 
periodic door openings. Second, an integrated control 
strategy combining static feedforward control with 
TSK elliptic fuzzy-based adaptive PID control is 
designed to maintain temperature stability and 
accelerate disturbance recovery across a range of 
operating conditions. Third, the proposed control 
system is implemented in a real-time embedded 
environment based on an STM32 microcontroller and 
evaluated under continuous production scenarios. 
Finally, a comparative analysis is performed against 
conventional PID control, TSK fuzzy-based, and 
elliptic fuzzy-based adaptive PID control (with and 
without feedforward), in terms of maximum error, root 
mean square error (RMSE), integral of squared error 
(ISE), integral of absolute error (IAE), integral of time-
weighted absolute error (ITAE), and recovery time, 
through both simulation and experimental validation 
[15][16]. 

The rest of this paper is organized as follows, 
section II presents the system specifications, modeling, 
and design of the adaptive PID control system with TSK 
elliptic fuzzy logic and static feedforward control; 
section III discusses the validation of the proposed 
method through simulation and experimental analysis, 
focusing on temperature stability and recovery-time 
improvement. Finally, section IV provides the 
conclusion, summarizing the findings and outlining 
directions for future research. 

II. Materials and Methods 
In section II, the experimental setup and control 

design methodologies used to implement the proposed 
static feedforward control strategy for the industrial 
heating oven, including a comprehensive overview of 
the system’s configuration, materials, design of the 
controller, and the industrial heating oven system 
modeling, are presented in detail. 

A. System specification and modeling of 
industrial heating oven 

In this paper, the utilization of a static feedforward 
control strategy as a compensator for the observable 
and measurable disturbances that arise from periodic 
door openings in industrial heating ovens is proposed. 
To design and implement such a system effectively, it is 
essential to first clarify the list of components, 
parameters, and specifications of the experimental 
testbed (Figure 1). The physical layout of the heating 
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(b) 

Figure 1. Industrial heating oven testbed: (a) physical experimental setup, from left to right showing: the laptop computer, the power and control 
board, and the heating oven; and (b) schematic control diagram. 
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oven used in the experiments is illustrated in 
Figure 1(a), while Figure 1(b) provides the hierarchical 
schematic control diagram. 

The experimental setup includes several key 
components. The STM32-F746ZG microcontroller 
board serves as the main control unit, executing the 
control algorithms and interfacing with other system 
components. A solid-state relay (FOTEK SSR-25 DA) 
functions as the switching device that converts the 
pulse-width modulation (PWM) signals that operate at 
a frequency of 1 Hz with a flexible duty cycle range of 0 
to 100 %, which regulates the single-phase power of a 
110 V AC signal for the heating element in the oven. 
Temperature measurements are facilitated by a 
MAX6675 thermocouple-to-digital converter, which 
interfaces with a K-type thermocouple and transmits 
temperature data to the STM32 microcontroller via the 
serial peripheral interface (SPI) protocol. Additionally, 
a computer is utilized for program design, system 
monitoring, and data logging, ensuring a 
comprehensive approach to system control and 
performance evaluation. The specific parameters 
critical for understanding the energy conversion 
dynamics of the industrial heating oven are detailed in 
Table 1. 

Furthermore, building on the system modeling 
approaches [2][17], the industrial heating oven was 
modelled using the FOTD system. This type of model 
is particularly suitable for capturing the dynamics of 
systems where there is a significant time delay between 
the input and output response, as it's a common 
characteristic in thermal systems [18]. The system 
transfer function in the continuous-time domain 𝐺𝐺(𝑠𝑠) 
is represented in equation (1): 

𝐺𝐺(𝑠𝑠) = 𝐾𝐾𝑝𝑝
1+𝑇𝑇𝑝𝑝1𝑠𝑠

exp(−𝑇𝑇𝑑𝑑𝑠𝑠) = 294.18
1+2760.9𝑠𝑠

exp(−327.88𝑠𝑠)

 (1) 

where 𝐾𝐾𝑃𝑃 is the process gain, 𝑇𝑇𝑝𝑝1 is the time constant, 
𝑇𝑇𝑑𝑑 is the time delay, and 𝑠𝑠 is the Laplace variable [19]. 

To facilitate digital control, this continuous-time 
model is discretized. The discrete-time model, derived 
using a sampling time of 6 s, allows for the 
implementation of control algorithms in the STM32 
microcontroller. The choice of a 6-second sampling 
interval balances the trade-off between control 
responsiveness and computational load, ensuring the 
system can react effectively to disturbances while 
maintaining real-time performance. 

The FOTD model's parameters are critical for 
accurately predicting the system's response to control 
inputs and disturbances. By precisely characterizing the 
heating oven's dynamic behavior, we can tailor the 
feedforward control strategy to counteract the effects of 
door openings, thereby minimizing temperature 
fluctuations and improving process stability. This 
modeling approach not only aids in controller design 
but also serves as a foundation for simulation studies, 
which are integral to validating the proposed control 
strategy before experimental implementation. 

B. TSK elliptic fuzzy-based identification 
system 

The identification of dynamic systems in complex 
environments requires a flexible and adaptive approach 
to model system behavior accurately. The TSK elliptic 
fuzzy-based identification system serves as a highly 
effective tool to capture nonlinear system dynamics by 
establishing a set of fuzzy rules that guide the system’s 
input-output relationship. By utilizing elliptic fuzzy 
membership functions and adaptive weight updating 
mechanisms, the model continuously adjusts to real-
time changes in system behavior, enabling more 
accurate predictions and control responses. This 
approach not only enhances system stability but also 
improves the performance of the feedforward and PID 
control strategies by providing a more reliable system 
model. 

1) System identification design using TSK elliptic fuzzy 

In designing a system identification framework that 
accurately captures the system's dynamic relationship 
between input and output, the modeling of the system 
is defined in equation (2): 

𝑦𝑦(𝑘𝑘 + 1) = 𝑓𝑓 �𝑦𝑦(𝑘𝑘),⋯ ,𝑦𝑦�𝑘𝑘 − 𝑛𝑛𝑦𝑦�,𝑢𝑢(𝑘𝑘),⋯ ,𝑢𝑢(𝑘𝑘 −

𝑛𝑛𝑢𝑢)� (2) 

where 𝑓𝑓  represents the function that models the 
system's dynamics based on the system output 𝑦𝑦 at the 
current sampling instance and up to 𝑛𝑛𝑦𝑦  number of 
previous system outputs, as well as the system input 𝑢𝑢 

Table 1. 
Heating oven operational specification. 

Parameter Value 

Working temperature 40 to 250 °C 

Working voltage 110 V AC 

Maximum load current 8 A 

Desired setpoint (𝑟𝑟) 150 °C 

Heating chamber volume (𝑣𝑣) 0.027 m3 (cube 0.3 m) 

Air density (𝜌𝜌)  0.834 kg/m3 

Heat capacity of air (𝑐𝑐𝑐𝑐)  1018 J/(kg.°C) 

Maximum power (𝑃𝑃max) 500 W 

Expected temperature drop (∆𝑇𝑇) 45 °C at 30 s of door 
opening 

Expected recovery time 
(𝑡𝑡recovery) 

60 s maximum 
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at the current instance and up to 𝑛𝑛𝑢𝑢  number of 
previous system inputs. This equation captures the 
system's behavior over time by incorporating historical 
data from both inputs and outputs. 

To characterize the system's dynamics using fuzzy 
logic, we establish fuzzy rules within a Takagi-Sugeno-
Kang (TSK) fuzzy framework. For a system with 𝑀𝑀 
fuzzy input variables, where each fuzzy subsystem 𝑖𝑖 has 
𝐾𝐾𝑖𝑖  fuzzy rules, the typical TSK fuzzy rule can be 
expressed as equation (3): 

if 𝑥𝑥𝑠𝑠1 is 𝐴𝐴𝑘𝑘1𝑖𝑖  and 𝑥𝑥𝑠𝑠2 is 𝐴𝐴𝑘𝑘2𝑖𝑖  and ⋯  and 𝑥𝑥𝑠𝑠𝑠𝑠 is 
𝐴𝐴𝑘𝑘𝑘𝑘𝑖𝑖  then 𝑧𝑧𝑘𝑘𝑖𝑖 = 𝑓𝑓𝑘𝑘𝑖𝑖(𝑥𝑥𝑠𝑠1, 𝑥𝑥𝑠𝑠2,⋯ , 𝑥𝑥𝑠𝑠𝑠𝑠),𝑘𝑘 = 1,2,⋯ ,𝐾𝐾𝑖𝑖 (3) 

where 𝑓𝑓𝑘𝑘𝑖𝑖 denotes the function that models the system 
input 𝑥𝑥𝑠𝑠1, 𝑥𝑥𝑠𝑠2,⋯ , 𝑥𝑥𝑠𝑠𝑠𝑠  associated with 𝐴𝐴𝑘𝑘1𝑖𝑖 ⋯𝐴𝐴𝑘𝑘𝑘𝑘𝑖𝑖  of 
the fuzzy sets. Then, the output 𝑧𝑧𝑠𝑠𝑠𝑠𝑖𝑖  of a given rule is 
computed by equation (4): 

𝑧𝑧𝑠𝑠𝑠𝑠𝑖𝑖 = 𝑓𝑓𝑘𝑘𝑖𝑖(𝑥𝑥𝑠𝑠1, 𝑥𝑥𝑠𝑠2,⋯ , 𝑥𝑥𝑠𝑠𝑠𝑠) = ∑ 𝛼𝛼𝑘𝑘𝑘𝑘𝑖𝑖 𝑥𝑥𝑠𝑠𝑠𝑠𝑀𝑀
𝑙𝑙=1  (4) 

where 𝛼𝛼𝑘𝑘𝑘𝑘𝑖𝑖  are coefficients randomly generated from a 
uniform distribution in the range [0,1]. Note that in 
some cases, these coefficients might be constrained to a 
narrower range, such as [0,0.1], to ensure stability and 
better fitting [20]. 

The firing strength of the 𝑘𝑘 th fuzzy rule in the 𝑖𝑖 th 
fuzzy subsystem is given by equation (5): 

𝜏𝜏𝑠𝑠𝑠𝑠𝑖𝑖 = ∏ 𝜇𝜇𝑘𝑘𝑘𝑘𝑖𝑖 (𝑥𝑥𝑠𝑠𝑠𝑠)𝑀𝑀
𝑙𝑙=1  (5) 

where 𝜇𝜇𝑘𝑘𝑘𝑘𝑖𝑖 (𝑥𝑥𝑠𝑠𝑠𝑠)  represents the membership function 
value of the 𝑙𝑙 th input 𝑥𝑥𝑠𝑠𝑠𝑠  in the 𝑖𝑖 th fuzzy set 𝐴𝐴𝑘𝑘𝑘𝑘𝑖𝑖 . To 
normalize firing strength, equation (6) is calculated: 

𝜆𝜆𝑠𝑠𝑠𝑠𝑖𝑖 = 𝜏𝜏𝑠𝑠𝑠𝑠
𝑖𝑖

∑ 𝜏𝜏𝑠𝑠𝑠𝑠
𝑖𝑖𝐾𝐾𝑖𝑖

𝑘𝑘=1
 (6) 

The elliptic membership function used to compute 𝜇𝜇𝑘𝑘𝑘𝑘𝑖𝑖  
is defined in equation (7): 

𝜇𝜇𝑘𝑘𝑘𝑘𝑖𝑖 =

⎩
⎨

⎧
�1 − �𝑥𝑥−𝑐𝑐𝑘𝑘𝑘𝑘

𝑖𝑖

𝜎𝜎𝑘𝑘𝑘𝑘
𝑖𝑖 �

𝑞𝑞𝑘𝑘𝑘𝑘
𝑖𝑖

�

1
𝑞𝑞𝑘𝑘𝑘𝑘
𝑖𝑖

, �𝑥𝑥−𝑐𝑐𝑘𝑘𝑘𝑘
𝑖𝑖

𝜎𝜎𝑘𝑘𝑘𝑘
𝑖𝑖 � < 1

0, others

 (7) 

where 𝑐𝑐𝑘𝑘𝑘𝑘𝑖𝑖  and 𝜎𝜎𝑘𝑘𝑘𝑘𝑖𝑖  are the elliptic membership degree 
center and width parameters. This formulation ensures 
that the membership degree is computed only within 
the defined range to simplify calculations and reduce 
computational complexity [13][21]. Finally, the output 
of the TSK elliptic fuzzy system is computed by 
equation (8): 

𝑦𝑦� = ∑ ∑ 𝜆𝜆𝑠𝑠𝑠𝑠𝑖𝑖 𝑤𝑤𝑘𝑘𝑖𝑖 �∑ 𝛼𝛼𝑘𝑘𝑘𝑘𝑖𝑖 𝑥𝑥𝑠𝑠𝑠𝑠𝑀𝑀
𝑙𝑙=1 �𝐾𝐾𝑖𝑖

𝑘𝑘=1
𝑛𝑛
𝑖𝑖=1  (8) 

where 𝑤𝑤𝑘𝑘𝑖𝑖  represents the weight associated with the 𝑘𝑘th 
fuzzy rule in the 𝑖𝑖th fuzzy subsystem and 𝑦𝑦� is the system 
output estimate. 

2) Parameter updating algorithm 

To optimize the system response, we employ an 
error objective function that focuses on minimizing the 
discrepancy between the predicted and actual system 
outputs. The objective function is defined in equation 
(9): 

𝐸𝐸(𝑘𝑘) = 1
2
�𝑦𝑦�(𝑘𝑘) − 𝑦𝑦(𝑘𝑘)�2 (9) 

where 𝑦𝑦�(𝑘𝑘) denotes the predicted system output, and 
𝑦𝑦(𝑘𝑘) represents the actual system response at sampling 
instance 𝑘𝑘. The goal is to adjust the weight parameters 
of the TSK elliptic fuzzy system to minimize this error 
function, thus improving the accuracy of the system 
identification. Then, the weights of the TSK elliptic 
fuzzy can be computed by equation (10): 

⎩
⎪
⎨

⎪
⎧𝑤𝑤𝑘𝑘

𝑖𝑖 (𝑘𝑘 + 1) = 𝑤𝑤𝑘𝑘𝑖𝑖 (𝑘𝑘) − 𝜂𝜂(𝑘𝑘) 𝜕𝜕𝜕𝜕
𝜕𝜕𝑤𝑤𝑘𝑘

𝑖𝑖

𝑐𝑐𝑘𝑘𝑘𝑘𝑖𝑖 (𝑘𝑘 + 1) = 𝑐𝑐𝑘𝑘𝑘𝑘𝑖𝑖 (𝑘𝑘) − 𝜂𝜂(𝑘𝑘) 𝜕𝜕𝜕𝜕
𝜕𝜕𝑐𝑐𝑘𝑘𝑘𝑘

𝑖𝑖

𝜎𝜎𝑘𝑘𝑘𝑘𝑖𝑖 (𝑘𝑘 + 1) = 𝜎𝜎𝑘𝑘𝑘𝑘𝑖𝑖 (𝑘𝑘) − 𝜂𝜂(𝑘𝑘) 𝜕𝜕𝜕𝜕
𝜕𝜕𝜎𝜎𝑘𝑘𝑘𝑘

𝑖𝑖

 (10) 

where 𝜂𝜂(𝑘𝑘)  represents the learning rate at sampling 
instance 𝑘𝑘 . As the 𝜕𝜕𝐸𝐸 𝜕𝜕𝑦𝑦�⁄ = 𝑦𝑦� − 𝑦𝑦 =  𝑒̂𝑒 , then we 
obtain equation (11) to equation (13): 
𝜕𝜕𝜕𝜕
𝜕𝜕𝑤𝑤𝑘𝑘

𝑖𝑖 = 𝜕𝜕𝜕𝜕
𝜕𝜕𝑦𝑦�
⋅ 𝜕𝜕𝑦𝑦�
𝜕𝜕𝑤𝑤𝑘𝑘

𝑖𝑖 = (𝑦𝑦� − 𝑦𝑦) ⋅ 𝜆𝜆𝑘𝑘𝑖𝑖 �∑ 𝛼𝛼𝑘𝑘𝑘𝑘𝑖𝑖 𝑥𝑥𝑠𝑠𝑠𝑠𝑀𝑀
𝑙𝑙=1 � (11) 

𝜕𝜕𝜕𝜕
𝜕𝜕𝑐𝑐𝑘𝑘𝑘𝑘

𝑖𝑖 = 𝜕𝜕𝜕𝜕
𝜕𝜕𝑦𝑦�
⋅ 𝜕𝜕𝑦𝑦�
𝜕𝜕𝑐𝑐𝑘𝑘𝑘𝑘

𝑖𝑖 = (𝑦𝑦� − 𝑦𝑦) ⋅

∑ ∑ 𝜆𝜆𝑠𝑠𝑠𝑠𝑖𝑖
𝐾𝐾𝑖𝑖
𝑘𝑘=1

𝑛𝑛
𝑖𝑖=1 �∑ 𝛼𝛼𝑘𝑘𝑘𝑘𝑖𝑖 𝑥𝑥𝑠𝑠𝑠𝑠𝑀𝑀

𝑙𝑙=1 � ⋅
2�𝑥𝑥−𝑐𝑐𝑘𝑘𝑘𝑘

𝑖𝑖 �

�𝜎𝜎𝑘𝑘𝑘𝑘
𝑖𝑖 �

2  (12) 

𝜕𝜕𝜕𝜕
𝜕𝜕𝜎𝜎𝑘𝑘𝑘𝑘

𝑖𝑖 = 𝜕𝜕𝜕𝜕
𝜕𝜕𝑦𝑦�
⋅ 𝜕𝜕𝑦𝑦�
𝜕𝜕𝜎𝜎𝑘𝑘𝑘𝑘

𝑖𝑖 = (𝑦𝑦� − 𝑦𝑦) ⋅

∑ ∑ 𝜆𝜆𝑠𝑠𝑠𝑠𝑖𝑖
𝐾𝐾𝑖𝑖
𝑘𝑘=1

𝑛𝑛
𝑖𝑖=1 �∑ 𝛼𝛼𝑘𝑘𝑘𝑘𝑖𝑖 𝑥𝑥𝑠𝑠𝑠𝑠𝑀𝑀

𝑙𝑙=1 � ⋅
2�𝑥𝑥−𝑐𝑐𝑘𝑘𝑘𝑘

𝑖𝑖 �
2

�𝜎𝜎𝑘𝑘𝑘𝑘
𝑖𝑖 �

3  (13) 

C. Adaptive PID with static feedforward 
control 

The combination of an adaptive PID controller with 
a static feedforward control strategy offers a powerful 
solution for managing known and measurable 
disturbances in industrial processes. The adaptive PID 
controller provides a real-time adjustment of the 
proportional, integral, and derivative gains to respond 
dynamically to variations in the process. On the other 
hand, the static feedforward control leverages known 
disturbances, such as periodic door openings in the 
heating oven, to preemptively counteract their effects. 
By integrating both control strategies, the system is able 
to maintain temperature stability and minimize 
recovery time, ensuring optimal performance even in 
challenging operating conditions. The following 
sections outline the design and implementation of both 
controllers. 
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1) Adaptive PID controller design 

PID control is a fundamental approach in industrial 
automation, renowned for its simplicity and 
effectiveness [22]. In the context of temperature control 
for heating ovens, the PID algorithm calculates the 
control output 𝑢𝑢(𝑘𝑘) based on the error 𝑒𝑒(𝑘𝑘) between 
the setpoint 𝑟𝑟(𝑘𝑘) and the measured temperature 𝑦𝑦(𝑘𝑘). 
The discrete time PID control law is expressed as 
equation (14): 

𝑢𝑢PID(𝑘𝑘) = 𝑘𝑘𝑃𝑃 ⋅ 𝑒𝑒(𝑘𝑘) + 𝑘𝑘𝐼𝐼 ⋅ Δ𝑒𝑒(𝑘𝑘) + 𝑘𝑘𝐷𝐷 ⋅ ∆2𝑒𝑒(𝑘𝑘) (14) 

where 𝑘𝑘𝑃𝑃  represent the proportional gain, 𝑘𝑘𝐼𝐼  the 
integral gain and 𝑘𝑘𝐷𝐷 is the derivative gain. Each term in 
the PID control law has a specific role: the proportional 
term 𝑘𝑘𝑃𝑃 ⋅ 𝑒𝑒(𝑘𝑘) provides an immediate response to the 
current error; the integral term 𝑘𝑘𝐼𝐼 ⋅ Δ𝑒𝑒(𝑘𝑘)  eliminates 
steady-state error, and the derivative term 𝑘𝑘𝐷𝐷 ⋅ Δ2𝑒𝑒(𝑘𝑘) 
improves transient response [23][24]. The errors used 
in the control calculation are defined in equation (15): 

�
𝑒𝑒(𝑘𝑘) = 𝑟𝑟(𝑘𝑘) − 𝑦𝑦(𝑘𝑘)

∆𝑒𝑒(𝑘𝑘) = 𝑒𝑒(𝑘𝑘) − 𝑒𝑒(𝑘𝑘 − 1)
∆2𝑒𝑒(𝑘𝑘) = 𝑒𝑒(𝑘𝑘) − 2�𝑒𝑒(𝑘𝑘 − 1)� + 𝑒𝑒(𝑘𝑘 − 2)

 (15) 

where ∆𝑒𝑒(𝑘𝑘) represents the first derivative of the error 
and ∆2𝑒𝑒(𝑘𝑘)  is the second derivative of the error in 
discrete time. 

As the PID system is proposed to be adaptive, the 
system cost function is defined to optimize the 
controller parameters, with details written in equation 
(16): 

𝐽𝐽(𝑘𝑘) = 1
2
�𝑟𝑟(𝑘𝑘) − 𝑦𝑦�(𝑘𝑘)�2 (16) 

Then, as the system receives the PID gains adjustment 
from the adaptive identification system, the gains are 
adjusted based on the cost function (equation (16)), 
and the following update rules are written in equation 
(17): 

⎩
⎪
⎨

⎪
⎧𝑘𝑘𝑃𝑃(𝑘𝑘 + 1) = 𝑘𝑘𝑃𝑃(𝑘𝑘) + Δ𝑘𝑘𝑃𝑃(𝑘𝑘) = 𝑘𝑘𝑃𝑃(𝑘𝑘) − 𝜂𝜂𝑐𝑐

𝜕𝜕𝜕𝜕(𝑘𝑘) 
𝜕𝜕𝑘𝑘𝑃𝑃(𝑘𝑘)

𝑘𝑘𝐼𝐼(𝑘𝑘 + 1) = 𝑘𝑘𝐼𝐼(𝑘𝑘) + Δ𝑘𝑘𝐼𝐼(𝑘𝑘) = 𝑘𝑘𝐼𝐼(𝑘𝑘) − 𝜂𝜂𝑐𝑐
𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑘𝑘𝐼𝐼(𝑘𝑘)

𝑘𝑘𝐷𝐷(𝑘𝑘 + 1) = 𝑘𝑘𝐷𝐷(𝑘𝑘) + Δ𝑘𝑘𝐷𝐷(𝑘𝑘) = 𝑘𝑘𝐷𝐷(𝑘𝑘) − 𝜂𝜂𝑐𝑐
𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑘𝑘𝐷𝐷(𝑘𝑘)

 (17) 

where 𝜂𝜂𝑐𝑐  is the adaptive PID controller learning rate. 
Furthermore, the gradients of the cost function with 
respect to the PID parameters are derived in equation 
(18): 

⎩
⎪
⎨

⎪
⎧

𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑘𝑘𝑃𝑃(𝑘𝑘)

= 𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑦𝑦�(𝑘𝑘)

𝜕𝜕𝑦𝑦�(𝑘𝑘)
𝜕𝜕Δ𝑢𝑢(𝑘𝑘)

𝜕𝜕Δ𝑢𝑢(𝑘𝑘)
𝜕𝜕𝑘𝑘𝑃𝑃(𝑘𝑘)

𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑘𝑘𝐼𝐼(𝑘𝑘)

= 𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑦𝑦�(𝑘𝑘)

𝜕𝜕𝑦𝑦�(𝑘𝑘)
𝜕𝜕Δ𝑢𝑢(𝑘𝑘)

𝜕𝜕Δ𝑢𝑢(𝑘𝑘)
𝜕𝜕𝑘𝑘𝐼𝐼(𝑘𝑘)

𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑘𝑘𝐷𝐷(𝑘𝑘)

= 𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑦𝑦�(𝑘𝑘)

𝜕𝜕𝑦𝑦�(𝑘𝑘)
𝜕𝜕Δ𝑢𝑢(𝑘𝑘)

𝜕𝜕Δ𝑢𝑢(𝑘𝑘)
𝜕𝜕𝑘𝑘𝐷𝐷(𝑘𝑘)

 (18) 

where 𝜕𝜕𝜕𝜕(𝑘𝑘)
𝜕𝜕𝑦𝑦�(𝑘𝑘)

= �𝑟𝑟(𝑘𝑘) − 𝑦𝑦�(𝑘𝑘)� , 𝜕𝜕∆𝑢𝑢(𝑘𝑘)
𝜕𝜕𝑘𝑘𝑃𝑃(𝑘𝑘)

= ∆𝑒𝑒(𝑘𝑘) , 
𝜕𝜕∆𝑢𝑢(𝑘𝑘)
𝜕𝜕𝑘𝑘𝐼𝐼(𝑘𝑘)

= 𝑒𝑒(𝑘𝑘), and 𝜕𝜕∆𝑢𝑢(𝑘𝑘)
𝜕𝜕𝑘𝑘𝐷𝐷(𝑘𝑘)

= ∆2𝑒𝑒(𝑘𝑘). 

2) Static feedforward controller design 

PID control alone may not adequately handle the 
rapid disturbances caused by periodic door openings in 
industrial ovens. To overcome this issue, an effective 
static feedforward control is proposed as a proactive 
control strategy that leverages this periodic and 
measurable disturbance information to anticipate and 
counteract their effects before they significantly impact 
the process variable. The core principle involves 
modeling the expected disturbance, which in this case 
is the temperature drop due to the door opening, and 
applying a pre-calculated compensatory action in 
addition to the PID control output. This action 
enhances the system's ability to maintain desired 
temperature levels and reduce temperature recovery 
time despite having disturbances. 

To implement static feedforward control, we first 
model the expected temperature drops Δ𝑇𝑇 due to door 
openings by equation (19): 

Δ𝑇𝑇 = 𝑇𝑇setpoint − 𝑇𝑇measured after the door opened (19) 

where 𝑇𝑇setpoint = 𝑟𝑟(𝑘𝑘)  is the target temperature and 
𝑇𝑇measured after the door opened  is the temperature 
immediately after the door has been opened. The heat 
energy 𝑄𝑄 required to compensate for the temperature 
drop can be calculated using equation (20): 

𝑄𝑄 = 𝑚𝑚 ⋅ 𝑐𝑐𝑐𝑐 ⋅ Δ𝑇𝑇 (20) 

where 𝑚𝑚  is the effective mass of air in the oven, 
obtained from the product of the oven volume 𝑣𝑣 and 
the air density 𝜌𝜌, and 𝑐𝑐𝑐𝑐 is the specific heat capacity of 
air [25]. Then, the feedforward power 𝑃𝑃𝐹𝐹𝐹𝐹 is computed 
by computing equation (21): 

𝑃𝑃𝐹𝐹𝐹𝐹 = 𝑄𝑄
𝑡𝑡recovery

 (21) 

where 𝑡𝑡recovery is the desired recovery time that can be 
adjusted as quickly as possible, depending on the 
heater's capabilities. 

Furthermore, the feedforward control output 𝑢𝑢𝐹𝐹𝐹𝐹 
can be expressed as equation (22): 

𝑢𝑢𝐹𝐹𝐹𝐹 = 𝐾𝐾𝐹𝐹𝐹𝐹 × � 𝑃𝑃𝐹𝐹𝐹𝐹
𝑃𝑃max×𝑃𝑃coef

� (22) 

where 𝑃𝑃max  is the maximum power output of the 
heating oven, 𝑃𝑃coef  is the coefficient efficiency of 
maximum power delivered by the heating oven and 
𝐾𝐾𝐹𝐹𝐹𝐹 is the gain factor used to amplify the feedforward 
effect. Typically, 10 ≤ 𝐾𝐾𝐹𝐹𝐹𝐹 ≤ 20  is a suitable range, 
but it may be adjusted based on the desired system 
response. It is also important to note that the gain factor 
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𝐾𝐾𝐹𝐹𝐹𝐹 may become negative if the disturbance leads to an 
increase in the system response or an overshoot-like 
form, depending on the system being controlled. 

3) Integrationf of static feedforward and adaptive PID 
controller 

To achieve optimal system performance, the overall 
system control output 𝑢𝑢(𝑘𝑘) is calculated by combining 
the PID control output (equation (14)) and the 
feedforward control output (equation (22)) by 
computing equation (23): 

𝑢𝑢(𝑘𝑘) = 𝑢𝑢PID(𝑘𝑘) + 𝑢𝑢𝐹𝐹𝐹𝐹(𝑘𝑘) (23) 

During normal operation with the door state in a closed 
condition, the feedforward controller output 𝑢𝑢𝐹𝐹𝐹𝐹  will 
become zero, and when the door state is in the open 
condition, equation (22) is computed until the door is 
closed, and the length of the compensation time 
𝐹𝐹𝐹𝐹Duration  is achieved. Furthermore, the closed-loop 
configuration of the proposed static feedforward with 
TSK elliptic fuzzy-based adaptive PID control structure 
is illustrated in Figure 2. 

4) Real-time control algorithm 

To ensure optimal system performance, the real-
time control algorithms of the proposed static 
feedforward adaptive PID control approach are 
outlined as written in Algorithm 1. 
 
Algorithm 1 Static Feedforward Adaptive PID Control. 
 
Input System error 𝑒𝑒(𝑘𝑘), door sensor status. 
Output Combined controller output 𝑢𝑢(𝑘𝑘). 
 
Initialize the gains of 𝐾𝐾𝑃𝑃, 𝐾𝐾𝐼𝐼, 𝐾𝐾𝐷𝐷 and 𝐹𝐹𝐹𝐹Duration 
Initialize the TSK elliptic fuzzy weight parameters 
For 𝑘𝑘 = 1 to 𝐾𝐾 (total sampling number) 
 Calculate the error 𝑒𝑒(𝑘𝑘) 
 Calculate PID control output 𝑢𝑢PID(𝑘𝑘) 

  if doorState == OPEN: 
   𝑢𝑢𝐹𝐹𝐹𝐹(𝑘𝑘) = 𝐾𝐾𝐹𝐹𝐹𝐹 ∗ (𝑃𝑃𝐹𝐹𝐹𝐹 (𝑃𝑃max ∗ 𝑃𝑃coef)⁄ ) 
   doorOpenTime = 𝑘𝑘 
  else if 𝑘𝑘 − doorOpenTime < 𝐹𝐹𝐹𝐹Duration: 
   𝑢𝑢𝐹𝐹𝐹𝐹(𝑘𝑘) = 𝐾𝐾𝐹𝐹𝐹𝐹 ∗ (𝑃𝑃𝐹𝐹𝐹𝐹 (𝑃𝑃max ∗ 𝑃𝑃coef)⁄ ) 
  else: 
   𝑢𝑢𝐹𝐹𝐹𝐹(𝑘𝑘) = 0 
  end if 
 Compute 𝑢𝑢(𝑘𝑘) = 𝑢𝑢PID(𝑘𝑘) + 𝑢𝑢𝐹𝐹𝐹𝐹 (𝑘𝑘) 
 Calculate the TSK elliptic fuzzy inputs (equation (2)) 
 Calculate the TSK elliptic fuzzy output (equation (8)) 
 Perform fuzzy weight updates (equation (10)) 
 Adjust the next iteration of PID gains (equation (17)) 
End 

III. Results and Discussions 
In section III, the performance of the proposed 

control strategy is analyzed through both simulation 
and experimental validation. The results provide a 
comprehensive comparison with existing control 
methods, highlighting the improvements achieved by 
integrating feedforward control with adaptive PID and 
TSK elliptic fuzzy-based techniques. The simulations 
demonstrate significant enhancements in setpoint 
tracking, recovery time, and error reduction, 
particularly in response to disturbances caused by door 
openings in the industrial heating oven. Experimental 
results further corroborate these findings, showing that 
higher feedforward gains lead to faster recovery and 
improved temperature stability, albeit with a slight risk 
of overshoot. 

A. Simulational validation 

Using the oven specifications in Table 1, the 
feedforward power required to compensate for the 
door-opening temperature drop is obtained from 
equation (20) and equation (21) as 𝑃𝑃𝐹𝐹𝐹𝐹 = 17.1925 W. 
Substituting this into equation (22), with 𝑃𝑃max = 
500 W and 𝑃𝑃coef = 0.9, gives a feedforward control 
output of 𝑢𝑢𝐹𝐹𝐹𝐹 = 𝐾𝐾𝐹𝐹𝐹𝐹 × 3.8205 %. For the simulation, 

 
Figure 2. Static feedforward with TSK elliptic fuzzy-based adaptive PID closed-loop diagram. 
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𝐾𝐾𝐹𝐹𝐹𝐹 =  10 was selected, resulting in 𝑢𝑢𝐹𝐹𝐹𝐹 =  38.205 %. 
The initial PID gains were set as 𝑘𝑘𝑃𝑃 = 0.3, 𝑘𝑘𝐼𝐼 = 0.002 
and 𝑘𝑘𝐷𝐷 = 1.5, with learning rates 𝜂𝜂 = 𝜂𝜂𝑐𝑐 = 0.001. The 
duration of the feedforward control action 𝐹𝐹𝐹𝐹Duration 
was set to eight sampling instances, or three sampling 
instances after the door state is closed. 

Furthermore, Table 2 presents a comparative 
analysis of the controller performance with its 
improvements in Table 3 achieved from the simulation 
result of five different controllers namely: conventional 
PID control, TSK fuzzy-based adaptive PID control 
without the addition of feedforward control [26], TSK 
elliptic fuzzy-based adaptive PID without the addition 
of feedforward control, static feedforward control with 
TSK fuzzy-based adaptive PID control, and the 
proposed static feedforward control with TSK elliptic 
fuzzy-based adaptive PID control. The results clearly 
demonstrate that the addition of elliptic membership 
functions in the TSK fuzzy system, both with and 
without static feedforward control, offers superior 
performance compared to general TSK fuzzy-based 
PID control. Moreover, the proposed approach 
significantly outperforms conventional PID control. 
Notably, the integration of feedforward control 
resulted in a performance improvement that was 
approximately twice as high as that achieved by the 
system without feedforward, when compared to 
conventional PID control. Detailed explanations of 
performance indices are written in [2][16]. Among the 
reported performance indices, the ISE and ITAE are 
particularly indicative of disturbance-recovery 
performance, as both accumulate the tracking error 
that persists during the recovery transient following 
each door-opening event. A controller that recovers 
faster and with smaller residual error, therefore yields 
lower ISE and ITAE values. 

Figure 3 illustrates the setpoint tracking 
performance of the system. While the addition of static 
feedforward control did not completely eliminate 
disturbances, it notably reduced the recovery time of 
the temperature control system by approximately 12 
sampling instances, or 72 s faster, compared to the 
system without feedforward control. On the other hand, 
Figure 4 shows a comparison of the controller outputs. 
The controller with the additional static feedforward 
control maintained its 100 % duty cycle for several 
sampling instances to counteract the effects of periodic 
door openings in the industrial heating oven. Finally, 
Figure 5 depicts the time evolution of the PID gains, 
which showed almost identical trajectories across the 
different adaptive PID controllers, further validating 
the consistency and effectiveness of the proposed 
control approach. 

B. Experimental validation 

Building on the superior performance of the TSK 
elliptic fuzzy control observed in simulation results, 
this section aims to further validate the applicability 
and effectiveness of the proposed control strategy 
through experimental testing. Specifically, an 
experimental validation was conducted, targeting the 
issue of periodic door openings in an industrial heating 
oven. In this experiment, the conditions used in the 
simulation studies are carefully replicated to ensure a 
consistent comparison. This includes maintaining the 
same starting temperature, identical ambient 
conditions, and precisely timed door openings across 
all trials. Two different feedforward control gains were 
tested: 𝐾𝐾𝐹𝐹𝐹𝐹 =  10 and 𝐾𝐾𝐹𝐹𝐹𝐹 = 15, with all other 
parameters kept identical to those used in the prior 
simulation study. 

Table 2. 
Controller performance comparison. 

Controller Max Error RMSE ISE IAE ITAE 

Conventional PID 27.1501 4.4367 39368 3100.4 3063400 

TSK fuzzy PID (no FF) 22.8915 3.7803 28581 2855.5 2777900 

Elliptic fuzzy PID (no FF) 22.8701 3.7527 28166 2821.8 2713700 

TSK fuzzy PID (with FF) 20.8145 3.0324 18391 2179.6 1944000 

Elliptic fuzzy PID (with FF) 20.5537 3.0051 18060 2151.8 1903400 
 

Table 3. 
Controller performance improvement percentage over conventional PID. 

Controller Max Error RMSE ISE IAE ITAE 

TSK fuzzy PID (no FF) ↑ 15.69 % ↑ 14.79 % ↑ 27.40 % ↑ 7.90 % ↑ 9.32 % 

Elliptic fuzzy PID (no FF) ↑ 15.76 % ↑ 15.42 % ↑ 28.45 % ↑ 8.99 % ↑ 11.42 % 

TSK fuzzy PID (with FF) ↑ 23.34 % ↑ 31.65 % ↑ 53.28 % ↑ 29.7 % ↑ 36.54 % 

Elliptic fuzzy PID (with FF) ↑ 24.30 % ↑ 32.27 % ↑ 54.13 % ↑ 30.6 % ↑ 37.87 % 
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The results, shown in Figure 6, indicate that 
increasing the gain value 𝐾𝐾𝐹𝐹𝐹𝐹  leads to faster recovery 
times. Specifically, the system with 𝐾𝐾𝐹𝐹𝐹𝐹 = 15 exhibited 
a quicker recovery, with a temperature drop to 

133.25 °C compared to 131 °C for 𝐾𝐾𝐹𝐹𝐹𝐹 = 10. This 
demonstrates that a higher gain not only reduces the 
temperature drop but also accelerates the recovery 
process. However, it is important to note that a higher 

 
Figure 3. Comparison of simulated system output 𝑦𝑦 for the five controllers. 

 

Figure 4. Comparison of simulated controllers output 𝑢𝑢 for five controllers. 

 

Figure 5. Simulation result for the PID gains evolution over time. 
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gain also increases the risk of overshot. In terms of 
recovery time, the configuration with 𝐾𝐾𝐹𝐹𝐹𝐹 = 15 
recovered two sampling instances faster than the 
configuration with 𝐾𝐾𝐹𝐹𝐹𝐹 = 10. The controller output 
trajectories for both gains were nearly identical, with 
𝐾𝐾𝐹𝐹𝐹𝐹 = 15, maintaining a 100 % duty cycle for three 
sampling instances, compared to just one instance for 
𝐾𝐾𝐹𝐹𝐹𝐹 = 10. The evolution of the PID gains for both 
feedforward gain settings is depicted in Figure 7, where 
the trajectories appear almost identical, further 
supporting the consistency and effectiveness of the 
control strategy across different gain settings. 

IV. Conclusion 
This paper has presented a static feedforward 

control strategy combined with a TSK elliptic fuzzy-
based adaptive PID controller for temperature 

regulation in industrial heating ovens subject to 
observable disturbances such as periodic door openings. 
The approach was validated through both simulation 
and experiment on an STM32 microcontroller. 
Compared with a conventional PID controller, the 
proposed method reduced the RMSE by 32.27 % and 
the ISE by 54.13 %, while shortening the temperature 
recovery time by approximately 72 s. The static 
feedforward path, activated directly by the door-state 
signal, was primarily responsible for the faster recovery 
and the reduced temperature drop. The TSK elliptic 
fuzzy-based adaptive PID maintained stability and 
tuned the gains online, and the elliptic membership 
function, with its wider support, handled the 
nonlinearity and measurement noise of the thermal 
process more smoothly than the standard TSK fuzzy 
form, giving lower error indices in both simulation and 

 
Figure 6. Experimental result of setpoint tracking and controller output for two feedforward settings, where 𝐾𝐾 = 38.205 % corresponds to 𝐾𝐾𝐹𝐹𝐹𝐹 =  
10 and 𝐾𝐾 = 57.3075 % to 𝐾𝐾𝐹𝐹𝐹𝐹 = 15. 

 

Figure 7. Experimental PID gain evolution over time for two feedforward settings, where 𝐾𝐾 =38.205 % corresponds to 𝐾𝐾𝐹𝐹𝐹𝐹 =  10 and 𝐾𝐾 = 
57.3075 % to 𝐾𝐾𝐹𝐹𝐹𝐹 = 15. 
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experiment. Experimental results further confirmed 
these findings, with a higher feedforward gain yielding 
a smaller temperature drop and faster recovery, at a 
slight risk of overshoot. Future work could extend the 
strategy to other thermal processes and disturbance 
types, and incorporate online gain optimization or 
learning-based disturbance prediction to further 
enhance robustness. 
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