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Abstract

Turbofan engines exhibit complex nonlinear dynamics across the entire flight envelope,
which cannot be captured by explicit mathematical models, posing significant challenges
for engine controller design. Traditional control designs often rely on multiple linearized
models covering the entire operating range, which require designing multiple linear con-
trollers and gain-scheduling strategy to switch these sub-controllers. This article aims to
establish a global nonlinear affine model-based feedforward control method for turbofan
engines, and the control input can be efficiently obtained through simple algebraic cal-
culations with given reference signal. In this method, the nonlinear affine model via a
multi-layer perceptron (MLP) combined with polynomial feature expansion is constructed
based on engine model simulation data. With this affine model, the need for the cumber-
some design process of multiple linear controllers and their sub-controller switching can
be avoided. Additionally, a Proportional–Integral (PI) feedback controller is integrated
with the feedforward controller to eliminate tracking errors caused by model mismatches
and disturbances. Numerical simulation results verify that the proposed MLP model has
high identification accuracy, and the composite control strategy can simplify the control
design. During the acceleration/deceleration process between intermediate and idle state,
the high-pressure rotor speed overshoot is less than 0.01%, and the settling time is less than
2.6 s, outperforming the 4.1 s of the gain-scheduled PI controllers.

Keywords: turbofan engine; inversion system-based feedforward control; nonlinear affine
system; polynomial feature expansion; Salp Swarm Algorithm

1. Introduction
As a type of aircraft engines, turbofan engine is a complex thermodynamic system

with nonlinear dynamics across the entire flight envelope and operating range. To achieve
safety and fast thrust response across a wider flight envelope, the engine controller, which
prevents the engine from surge, over-temperature, and overspeed while minimizing the
transient response time, plays an essential role during engine operation [1–3]. However, as
aerodynamic coupling exists between different components and the component operating
parameters cannot be calculated directly, an accurate engine model cannot be obtained.
Hence, the engine controller design is becoming more challenging [4]. As an alternative,
linearized models, which approximate the engine nonlinear dynamics around steady-
state points, are employed for controller design. In recent decades, many classical control
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methods and advanced control theories have been used to design controller for increasingly
complex turbofan engines based on a set of linear models, aiming to improve thrust
response [2,5–8].

However, a series of linear models, which works well in certain operating range, has
to sacrifice control performance to enhance robustness and system stability [9,10]. A linear
model cannot address the fundamental limitation that it is only valid in the vicinity around
specific operating points. A further limitation of such methodologies is the requirement
for gain-scheduling or sub-controller switching mechanisms to enable transitions between
different sub-controllers throughout the engine operating range. The gain-scheduling
or sub-controller switching mechanism can degrade the control performance, and the
closed-loop system stability can only be proved under specific operating conditions [11,12].

Hence, the sub-controller gain-scheduling or switching logic design is quite important.
The logic requires selection of appropriate strategy and parameters, and the system output
chattering caused by frequent switching should be avoided. Therefore, switching action
complicates the engine control system design. Furthermore, several advanced control
methods, such as sliding mode control and H∞ control, are not applicable to switching
between different sub-controllers due to their structural characteristics, which may directly
result in closed-loop system instability [12]. These factors constraint the application of
advanced methods. Additionally, the control input calculation of feedback control relies on
the deviation between reference signal and the measured system output. However, for a
system with strong nonlinear dynamics, feedback control struggles to provide fast response
speed [13–15].

Therefore, the feedforward control is considered for the design of turbofan engine
controller, as it leverages the advantages of predictive control while enabling multivariable
control along the reference signal of system output [16–18]. In this method, feedforward
control computes the control input signal under given system output trajectory by precise
mathematical dynamic models. Feedforward control possesses strong predictive capability
and anticipatory nature, which can significantly improve thrust response [19–21]. In
addition, feedforward control methods based on models have been used for other nonlinear
system, such as nonlinear time-delay system, non-minimum phase systems, and selective
catalytic reduction denitrification systems [22], to improve control performance. Martin
Grotjahn has implemented a feedforward control method based on robot dynamic model
for the robot control system of the KUKA KR15 industrial robot, achieving precise pose
control under certain operating conditions [23]. Furthermore, neural networks and a
deep learning method have been integrated with feedforward control strategies to design
feedforward controllers [24].

For turbofan engine with strong nonlinear dynamics, feedforward controller can en-
hance the thrust response by calculating the control input based on the reference signal
and the nonlinear system model [20,21]. The short take-off and vertical landing (STOVL)
propulsion system of the F-35B aircraft employs a nonlinear dynamic inversion (NDI) con-
trol methodology, which is a multivariable control approach incorporating characteristics
of both dynamic inversion and predictive control, enabling 5-DOF thrust control [18,19].
In addition, feedforward controller can be integrated with feedback controller to create a
complementary control strategy. The response delay caused by pure feedback controller
can be compensated by feedforward strategy, and the system disturbance rejection, control
accuracy, and robustness under complex operating conditions can be enhanced by feedback
control. A feedforward–feedback control method is proposed by Gao to improve the stabil-
ity of the stick–slip piezoelectric actuator, and the linearity of the actuator’s displacement
output has been effectively improved [25]. Cheng has proposed an adaptive feedforward
control strategy based on Radial Basis Function neural network for turboshaft engine
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to enhance its disturbance rejection capability in conventional integrated control meth-
ods [26]. The feedforward–feedback composite control strategy integrates the advantages
of feedforward controller’s rapid response and feedback controller’s strong disturbance
rejection capability.

This article aims to establish a nonlinear affine model for turbofan engines using poly-
nomial feature augmented MLP model and operational data. In this method, polynomial
feature expansion is employed to convert the strong nonlinearity of complex systems into
weak nonlinearity in a higher-dimensional space. Accordingly, the nonlinear engine model
can be accurately approximated by an MLP model with fewer neurons. MLP generates
an approximate engine model with a nonlinear affine system structure, and this structure
generally cannot be directly obtained from physical modeling of turbofan engines. Then,
the feedforward control input can be obtained from the nonlinear affine model and give
reference signal without heavy complex computations, which improves the turbofan engine
thrust response. A series of polynomial feature terms are introduced and employed to
expand the dimensionality of MLP inputs, and improve the improve its fitting ability
for turbofan engines. Meanwhile, Principal Component Analysis (PCA) and Bayesian
Information Criterion (BIC) are used to determine the optimal terms of the polynomial
feature expansion. Based on the selected feature expansion terms and the MLP model,
an optimization algorithm combining the Salp Swarm Algorithm (SSA) with Sequential
Quadratic Programming (SQP) has been employed to determine the optimal polynomial
feature terms. The multi-loop PI controller is tuned through the direct synthesis method.
Finally, the proposed feedforward controller and feedforward–feedback controller are
verified through a numerical simulation of turbofan engine model.

This paper is organized as follows: In Section 2, a nonlinear model of dual-spool
turbofan engine nonlinear model is presented. In Section 3, a polynomial feature expansion-
based MLP model for turbofan eigne is constructed, and the nonlinear affine model-
based feedforward controller design method is given. In Section 4, numerical simulations
are applied to verify the effective of the feedforward–feedback control method. Finally,
conclusions are given in Section 5.

2. Turbofan Engine and Component-Level Model
The structure of a twin-spool turbofan engine is illustrated in Figure 1, which consists

of a fan, a compressor, a combustor, a high-pressure turbine (HPT), a low-pressure turbine
(LPT), a mixer, and a nozzle. In this engine, the low-pressure shaft and high-pressure shaft
are connected to a compressor component for air compression and a turbine for power
generation, respectively. The compressors and turbines, which are fixed on two different
shafts, are aerodynamically coupled. The air entering the fan is compressed and then flows
separately into the engine core and bypass duct. The core airflow is further compressed
and mixes with fuel and combusts, and the resulting high-temperature, high-pressure
gas sequentially drives the HPT and LPT to rotate, and thereby drives the compressors.
The bypass airflow enters the mixer, and then mixes with the core stream and is expelled
through the nozzle to produce thrust. Hence, a component-level model for turbofan engine
can be established.

According to the operating cycle, component maps, and other parameters, a nonlinear
component-level turbofan engine model incorporating the aforementioned major compo-
nents can be developed. Based on the given control input parameters, the working process
of turbofan engine components can be calculated sequentially according to the computation
flowchart shown in Figure 1 [25].
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Figure 1. Turbofan engine structure and its component-level model.

f1(x) =
(

Winlet − Wfan,f − W f an,a

)
/Winlet = Err1

f2(x) = (Wfan,a − WHPC)/WHPC = Err2

f3(x) = (Wcom − WHPC)/WHPC = Err3

f4(x) = (Wcomb − WHPT)/WHPT = Err4

f5(x) = (WHPT − WLPT)/WLPT = Err5

f6(x) = (Wmix − Wduct − WLPT)/Wmix = Err6

f7(x) = (P6 − P16)/P6 = Err7

f8(x) = (P8 − Pnozzle)/P8 = Err8

(1)

where Winlet denotes the inlet air flow, Wfan,f and W f an,a represent the fan outer duct
airflow and core airflow, WHPC refers to the compressor inlet flow, Wcomb denotes the main
combustion chamber inlet flow, WHPT denotes the HPT inlet flow, and WLPT is the LPT inlet
flow. LHPC and L f an refer to the power of the HPC and fan, respectively. N2 , N1 denote the
compressor rotor speed and fan rotor speed, respectively, P6, P16 are the inner duct outlet
static pressure and outer duct outlet static pressure, respectively, and P8, Pnozzle indicate
the total pressure before the nozzle and total pressure after the nozzle, respectively.

The dynamic of the two-spool turbofan engine model can be expressed as Equation (2). dN2
dt = (30/π)2

IH·N2
(ηH · LHPT − LHPC + Ladd)

dN1
dt = (30/π)2

IL·N1
(ηL · LLPT − Lfan)

(2)

where N1, N2 denote the fan speed and HP rotation speed, respectively, IH and IL are
the rotational inertia of the HP rotor and LP rotor, respectively, LHPT and LHPT denote
the power of the HPT and LPT, respectively, Ladd denotes the additional power of engine
starting, and ηH , ηL denote the mechanical efficiency of HP shaft and LP shaft, respectively.

The nonlinear functions fi(z), i ∈ {1, 2, · · · , 8} denote the matching equation of dif-
ferent component in Figure 1, and z = [z1, z2, · · · , z8] denotes the iterative variable in this
model [25]. According to the work process of each component, iterative computation is
carried out according to the initial guess values of the selected iterative variables until
the norm of errors in Equation (1) is less than a specified threshold ε (where ε is typically
set to 1 × 10−6). In other words, the matching equation in Equation (1) is used to ensure
component matching among different engine component.

To obtain the data-driven model that relies on engine simulation data, simulation
data are first generated using this component-level model for turbofan engines. The data
encompass engine operating conditions and control inputs at various engine stations.
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3. Feedforward Control Based on Nonlinear Affine Model
3.1. Inversion System-Based Feedforward Control

As engine thrust cannot be directly measured during flight, fan speed N1 and engine
pressure ratio (EPR) can be selected as controlled variables to represent the engine operating
performance. Hence, the system state, control input, and system output can be selected

as x = [x1, x2]
T = [N1, N2]

T , u =
[
W f , A8

]T
, and y = [N1, EPR]T , respectively. Hence, the

turbofan engines can be represented by the nonlinear model in Equation (3).

.
x = f (x, u)
y = h(x, u)

(3)

where x ∈ Rn, y ∈ Rp, u ∈ Rm denote system state, output, and control input, respectively,
and f (·), h(·) denote nonlinear function with appropriate dimensions.

For the nonlinear system presented in Equation (3), the stable inversion problem can
be defined as follows:

Stable Inversion Problem [26]: Given an output trajectory yd ∈ L1 ∩ L∞, the stable
inversion problem is considered solvable if a control input and a continuous state trajectory
exist satisfying the following three conditions: (1) ud, xd satisfy the differential equation
.
xd = f (xd, ud); (2) accurate output tracking yd = h(xd, ud) can be achieved by the control
input; (3) the control input and state trajectory are bounded and satisfy the Lipschitz
continuity condition lim

t→±∞
ud(t) → 0 , lim

t→±∞
xd(t) → 0 .

The system state trajectory and control input satisfying the aforementioned conditions
are referred to as the desired state trajectory and the nominal control input, respectively.
Furthermore, the nominal control input can be utilized as the feedforward control input. For
nonlinear systems described by explicit algebraic equations, the stable inversion problem
can be solved via its inversion system, which yields the bounded desired system state
trajectory xd and the control input ud corresponding to the desired output trajectory. For
a kind of nonlinear model of actual physical systems, it is assumed that the system does
not contain unstable states, and the control input can be obtained according to Equation (4)
based on the desired output trajectory and the given system state.

ud(t) = f−1
(

h−1(yd),
.
xd

)
(4)

However, for a nonlinear system whose inverse system and cannot be directly obtained
by solving algebraic equations, the nominal control input satisfying the desired trajectory
cannot be derived.

Due to the unavailability of accurate nonlinear models for engine in Equation (3),
deriving its inverse system is intractable. To address this problem, an approximate model
for the turbofan engine can be derived based on the operation data.

.
x̂ = f̂σ(x, u, z)
ŷ = ĥσ(x, u)

(5)

where
.
x̂, ŷ denote the estimated value of system state derivative and system output,

respectively, the f̂σ(·), ĥσ(·) denote the approximation of nonlinear function f (·), h(·),
respectively. To simplify the governing equation, the discrete-time state-space equation is
employed, as shown in Equation (6).

x̂k+1 = f̂ (xk, uk)

ŷk = ĥ(xk, uk)
(6)
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where x̂k+1 denotes the next system state, ŷk denotes the output variable, and xk, uk denote
the current system state and control input, respectively.

In view of the operating characteristics of turbofan engines, the system state and
output maintain specific values when the control input is held constant. For the transient
process between different operating points, the engine regulation time can be set by defining
the control input trajectory. Consequently, the calculation of the feedforward control input
can be transformed to an algebraic problem by solving Equation (7).

x̂k+1 = f̂ (ĥ−1(yk, uk), uk) + ϵi = F(xk, uk) + ϵi (7)

where F(·) denotes nonlinear vector function with suitable dimension, ϵi denotes the
uncertainty between nonlinear system and the approximation model.

Hence, the feedforward control input under a given system output trajectory can be
formulated as Equation (8).

u f
d,k = F−1(yd,k, xd,k+1) (8)

By transforming the nonlinear system in Equation (8) into the nonlinear affine system
structure shown in Equation (9), the feedforward control input can be directly calculated by
Equation (10), where g−1

2 (·) denotes the inverse matrix of the matrix function g2(·) ∈ R2×2.

xd,k+1 = g1(xk) + g2(xk) · uk (9)

u f f
k = g2

−1(xk) · (xd,k+1 − g1(xk)) (10)

where uff
k denotes the feedforward control input signal at the k control loop.

In this paper, an MLP model is utilized to approximate the nonlinear engine system
over a specific operating range, and the MLP input and output are selected as X = [xk, uk]

T

and Y = xk+1, respectively.

3.2. Multi-Layer Perceptron Model Based on Polynomial Feature Expansion

The calculation of the feedforward control input in Equation (10) relies on the engine
nonlinear model; however, the accurate explicit expression of the nonlinear model in
Equation (3) is practically infeasible. To address this problem, an MLP model is employed
as a nonlinear function approximator to fit the unknown autonomous dynamics term g1(x)
and the input gain matrix term g2(x) of the nonlinear affine system in Equation (9). It
approximates the mapping of g1(x) and g2(x) solely through the current system state xk.
The MLP consists of an input layer, hidden layers, and an output layer, with fully connected
architectures between layers. By employing nonlinear activation functions to approximate
complex nonlinear mappings, it achieves high-precision fitting of the nonlinear dynamics
xk relying only on input {uk, xk}. Hence, the structure of the MLP model can be simplified.

Furthermore, to approximate the nonlinear systems, the polynomial feature expansion
is employed to map original low-dimensional input data into a high-dimensional poly-
nomial feature space. For a two-dimensional state system with an original state vector
x ∈ R2×1, polynomial feature expansion generates a high-dimensional feature vector by
constructing various powers and cross-terms of the original features. This process captures
the nonlinear coupling relationships between different variables, providing richer feature
information for the MLP model. The advantages of polynomial feature expansion lie in its
simplicity, strong interpretability, and low computational complexity. The basic functions
of polynomial feature expansion are expressed as Equation (11).

ϕ(x) = [ f1(x), f2(x), f3(x), · · · , fk(x)]T (11)

https://doi.org/10.3390/app16147274

https://doi.org/10.3390/app16147274


Appl. Sci. 2026, 16, 7274 7 of 20

By incorporating operating data into approximate the nonlinear function g1(x) and
g2(x), the approximation functions can be expressed as Equation (12).

ĝ1(x) =
k
∑

i=1,2,3···
f1(θ1,i · ϕi(x) + b3,i)

ĝ2(x) =
k
∑

i=1,2,3···
f2(θ2,i · ϕi(x) + b4,i)

(12)

Assume that the input matrix and output matrix of the training set with Q samples
and p-dimensional features are X and Y respectively.

X =


x1,1 x1,2 · · · x1,Q

x2,1 x2,2 · · · x2,Q
...

...
. . .

...
xp,1 xp,2 · · · xp,Q


p×Q

, Y =


y1,1 y1,2 · · · y1,Q

y2,1 y2,2 · · · y2,Q
...

...
. . .

...
ym,1 ym,2 · · · ym,Q


m×Q

Using the normalized polynomial features as the input of MLP model, the mathe-
matical expression y = f (wTx + b) is employed in the model, where w, x and b denote
the weight vector, input vector, and bias, respectively, and f (·) represents the activation
function. Consequently, the MLP output can be calculated as Equation (13).

T =
[
t1 t2 · · · tQ

]
m×Q

(13)

where

tj =


t1,j

t2,j
...

tm,j

 =


Σl

i=1βi,1 · f (wT
i xj + bi)

Σl
i=1βi,2 · f (wT

i xj + bi)
...

Σl
i=1βi,m · f (wT

i xj + bi)


To simplify the equation, Equation (13) can be transformed to Equation (14).

Hβ = TT (14)

where,

H =


f (wT

1 x1 + b1) f (wT
2 x1 + b2) · · · f (wT

l x1 + bl)

f (wT
i x2 + b1) f (wT

2 x2 + b2) · · · f (wT
i x2 + bl)

...
...

. . .
...

f (wT
1 xQ + b1) f (wT

2 xQ + b2) · · · f (wT
i xQ + bl)


Hence, in order to determine the connection weights β and hidden layer parameters

w, b of the MLP such that the model output aligns as closely as possible with the engine
simulation data, the parameter estimation problem of β, w, b can be formulated as the
optimization problem shown in Equation (15).

minθ,w,b

{
∑

i=1,2,··· ,Q
(∥xi+1 − ĝ1(xi)− ĝ2(xi)∥)

}
(15)

An MLP model can be trained by engine operating data to approximate the nonlinear
functions g1(x) and g2(x). The suitable kpoly (the terms of polynomial feature) can be
selected through Principal Component Analysis (PCA) and Bayesian Information Criterion
(BIC). Hence, the fitting accuracy can be ensured by effective features and MLP model with
simple structure.
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Firstly, the PCA is employed to extract the most significant features from a list. The first
few principal components that account for the vast majority of data variability should be
selected, and the feature dimensionality can be reduced. The steps for PCA dimensionality
reduction are as follows:

1. Calculate the covariance matrix S = 1/(n − 1) · XXT based on the training data and
the selected basis functions;

2. Perform eigenvalue decomposition on the covariance matrix S to obtain the eigenval-
ues λi and their corresponding eigenvectors vi, for i = 1, 2, . . ., m;

3. Sort the eigenvalues in descending order and select the polynomial features corre-
sponding to the first kPCA largest eigenvalues.

Then, the BIC calculation shown in Equation (16) is employed to validate the selected
polynomial feature terms. The effectiveness of the selected polynomial features could be
verified, and the terms can be expanded according to the BIC calculation to enhance the
accuracy of the MLP model. Hence, the suitable number of polynomial feature would be
defined as kpoly.

BIC = kb · ln(n)− 2 · ln
(

L̂
)

(16)

where ln(L̂) denotes the log-likelihood of the model, n denotes the number of training
instances, and kb denotes the number of the parameters to be estimated.

3.3. Hybrid Optimization Strategy Based on Salp Swarm Algorithm

In the MLP approximation of nonlinear systems in Equation (9), the objective function
often exhibits multimodal, non-convex, and high-dimensional characteristics. Conse-
quently, single gradient-based algorithms are prone to getting trapped in local optima. To
address this challenge, a hybrid optimization strategy is employed to optimize the objective
function Equation (15). Proposed by Mirjalili et al. [27] in 2017, the Salp Swarm Algorithm
(SSA) offers distinct advantages over other algorithms, such as Particle Swarm Optimiza-
tion (PSO). When solving complex optimization problems, SSA can effectively escape local
optima and achieve superior global parameter optimization. To mathematically model the
foraging process, the population is divided into two groups: the leader and the followers.
The leader is the salp located at the front of the chain, while the rest serve as followers [27].

In each iteration, the leader performs global exploration, moving toward the food
source in a chain-like manner and guiding the followers, while the followers focus on
intensive local exploration. This mechanism significantly reduces the likelihood of getting
trapped in local optima. Consequently, SSA possesses robust capabilities in both local and
global search and has been widely applied to various engineering problems.

During the optimization process, the population is divided into leader and followers.
The position of salps in an n-dimensional search space, where n is the number of

variables in a given problem, can be defined firstly. The position of all salps in a two-
dimensional matrix x can be stored, and the food source can be designated as F in the
search space. In the salp chain, salps are divided into leader salp and follower salps. The
leader moves toward the food and guides the movement of the followers. The leader is
responsible for global exploration, while the followers are responsible for local exploitation.

Position updating mechanism—leader salp: The leader salp is located at the front of
the salp chain and is responsible for exploring new food sources (i.e., the global optimum).
The position update law is as Equation (16), and the leader salp only updates its position
with respect to the food source.

x1
j = {Fj + c1

((
ubj − lbj

)
c2 + lbj

)
, c3 ≥ 0.5

Fj − c1
((

ubj − lbj
)
c2 + lbj

)
, c3 < 0.5

(17)
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where x1
j denotes the position of the leader salp in the j-th dimension, and Fj denotes the

position of the food source in the j-th dimension, and ubj, lbj denotes the upper and lower
bounds of the j-th dimension, respectively. c1 can be updated as Equation (18) to balance
the exploration and exploitation process of the salp swarm algorithm, and c2, c3 are random
numbers uniformly selected from in the set [0, 1].

c1 = 2 · e−( 4n
Lmax )

2

(18)

where n, Lmax denote current iteration numbers and maximum iteration numbers, respectively.
The follower salps update their position with respect to each other. The follower salps’

position can be updated by Newton’s laws of motion xi
j = 1/2 · at2 + v0t, where t, v0, a

denote time, initial speed, and acceleration, respectively. When v0 is considered to be zero,
the position update of the followers can be conducted as Equation (19).

xi
j =

1
2

(
xi

j + xi−1
j

)
, i ≥ 2 (19)

where xi
j denotes the position of the i-th follower salp in the j-th dimension.

As shown in Figure 2, a hybrid optimization strategy, which integrates the global
exploration capability of the Salp Swarm Algorithm with the refined exploitation ability of
local search algorithms, is proposed to optimize the parameters in the MLP model.

The core philosophy is as follows: initially, SSA is employed to conduct a coarse
search across the vast solution space to rapidly locate the basin of attraction for the global
optimum. Subsequently, the optimal solution identified by SSA serves as the initial value
for the local search algorithm to perform a fine search, thereby achieving fast convergence
with high precision.

The parameters of the MLP model, which approximate the nonlinear system in Equa-
tion (2), solved using the SSA algorithm, are denoted by θSSA. Following the global
exploration phase of SSA, the algorithm proceeds to the local search stage. During this
stage, gradient-based optimization algorithms is leveraged to conduct precise search within
the θSSA solution neighborhood, which is formulated as a nonlinear least squares optimiza-
tion problem with the objective of minimizing the squared residual sum between MLP
predictions and the actual Y matrix. It means that the optimal solution generated by SSA
is adopted as the initialization parameter of gradient-based optimization to circumvent
potential convergence failures and local optima traps associated with random initialization.
The optimized weight coefficients are derived as presented in Equation (20).

minθS(θ) = ∥xk+1 − fθ(xk, uk)∥ (20)

where θ denotes the parameters of the MLP model to be optimized.
Subsequently, the feedforward control input can be computed based on the fitted MLP

model, as illustrated in Equation (21).

u f f
k = ĝ−1

2 (xk) · (yd,k+1 − ĝ1(xk)) (21)
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Figure 2. The flowchart of hybrid optimization strategy.

4. Multi-Loop PI Controller Design Using Direct Synthesis Approach
Due to the inevitable discrepancy between the MLP model and the actual nonlinear

system in Equation (2), as well as the disturbances encountered during engine operation,
feedforward control alone is insufficient to completely eliminate the tracking error. Simul-
taneously, a multi-loop PI controller as shown in Figure 3 is employed to eliminate tracking
errors and suppress disturbances. Hence, the model uncertainties can be addressed.

 

Figure 3. The feedforward control combined with multi-loop PI controller.

https://doi.org/10.3390/app16147274

https://doi.org/10.3390/app16147274


Appl. Sci. 2026, 16, 7274 11 of 20

A multi-loop PI controller can be derived using direct synthesis method by inversely
solving the closed-loop relationship between the desired closed-loop system dynamics and
the plant model. For multi-loop control systems with severe coupling between different
control loops, decoupling or reduction of coupling degree must be performed under the
action of a pre-compensator K, resulting in a weakly coupled controlled system as shown
in Equation (22). By reducing the coupling effects between different control loops, the
multi-loop system is decomposed into multiple single-loop systems. Controllers are then
designed separately for each loop using the direct synthesis method, and finally integrated
into a multi-loop PI control system.

Gp(s) = G(s) · K (22)

The core of the Internal Model Control (IMC) method lies in introducing an ‘internal
model’ of the controlled plant (i.e., an approximate model of the plant transfer function),
transforming controller design into the matching design between the internal model and
the feedback loop. For PI controllers, the IMC method can directly derive tuning formulas
for the proportional gain Kp and integral time Ti in a PI controller u(t) = KP · e(t) +
KP
Ti

·
∫ t

0 e(τ)dτ based on the plant model. PI controllers are designed separately for each
control loop, thereby forming a decentralized control system. The multi-loop PI feedback
controllers can be expressed as Equation (23).

Gc(s) = diag{gc,i(s)}, i = 1, 2, . . . , p (23)

The closed-loop system transfer function matrix from the system reference command
value r to the system output y can be expressed as the Equation (24).

H(s) = (I + G(s)KGc(s))
−1G(s)KGc(s) (24)

The desired closed-loop transfer function matrix is selected as a diagonal matrix as
shown in Equation (25), with elements chosen as h1,d = 1/Tc,i · s + 1.

Hd(s) =


h1,d(s) 0 · · · 0

0 h12d(s) · · · 0
...

...
. . .

...
0 0 · · · hp,d(s)

 (25)

where Tc,i represents the closed-loop time constant of the i-th control loop, with a larger
value leading to a more stable system response. Thus, the Equation (24) can be transformed
to Equation (26).

Hd(s) = diag
{
(I + G(s)KGc(s))

−1G(s)KGc(s)
}
= diag

{(
G−1(s)KG−1

c (s) + I
)−1

KGc(s)
}

(26)

The system internal model adopts a reduced-order model or approximate model of
the controlled plant, and is taken as a first-order inertial element gi(s) = k1/(k2 s + 1).
Given that D(s) = G(s)K is a diagonal matrix or weakly diagonal matrix, the inverse of
the closed-loop system transfer function matrix can thus be written in the form shown
in Equation (27).

Hd(s) ≈ diag
{

di(s) · gc,i(s)
1 + di(s) · gc,i(s)

}
, i = 1, 2, · · · , p (27)
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To obtain the PI controller parameter, gc,i(s) can be compared with the standard PI
controller, and by setting di(s) = Ki/(Ti · s + 1), and hence the controller in Equation (29)
can be obtained.

gc,i(s) =
hd,i(s)

di(s)(1 − hd,i(s))
=

T1 · s + 1
K1Tc,1 · s

(28)

gc,i(s) = KP +
1
s
· Ki (29)

where, KP = Ti/KiTc,i, KI = KP/Ti.

5. Numerical Simulation and Verification
In this section, the performance of the feedforward–feedback control strategy (as

shown in Figure 3) based on inverse system control is validated with a dual-spool turbofan
engines, and the step responses of acceleration form IDLE to maximum rotation speed
and deceleration from maximum rotation speed to IDLE state are presented. The data
used for training the MLP model are derived from this nonlinear model, with a sampling
frequency of 100 Hz. This nonlinear turbofan engine model is established by solving
the matching Equation (1) and dynamic Equation (2) using Newton–Raphson iteration
algorithm. For the given turbofan engine, the nonlinear system state in Equation (3)
is selected as the fan speed N1 and high-pressure compressor rotational speed N2, i.e.,
x = [x1, x2]

T = [N1, N2]
T . The fan speed N1 and engine pressure ratio EPR of the engine

are selected as the controlled output variable y = [N1, EPR]T corresponding to the desired
thrust. The control inputs u is selected as the fuel flow w f and the main engine nozzle

throat area A8., i.e., u = [u1, u2]
T =

[
w f , A8

]T
. The maximum fuel flow rate is 1.129 kg/s,

the maximum fan speed is 8000 RPM, and the maximum high-pressure compressor speed
is 14,000 RPM. Variations in fuel flow and nozzle throat area both affect the system state x
and output y. Consequently, the regulation of any single control loop inevitably influences
the others. Hence, the control system consists two mutually coupled loops.

The MLP model approximates the engine’s nonlinear affine system model and serves
as the basis for feedforward control input calculation. The MLP model is used to approxi-
mate the engine’s nonlinear affine system model and serves as the basis for feedforward
control input. The MLP input is a polynomial feature expansion vector of the system state
variables, rather than the system state itself, and the dimension of the expansion vector
is determined by the Bayesian Information Criterion and Principal Component Analysis
methods. To validate the effectiveness of the proposed feedforward control method based
on the approximate nonlinear affine system’s MLP model, numerical simulations for turbo-
fan engine control were conducted using solely the feedforward control structure shown
in Figure 2. Then, the effectiveness of the feedforward–feedback composite control for
turbofan engine was verified.

5.1. Multi-Layer Perceptron for the Engine’s Nonlinear Affine Model

The feedforward control input is calculated based on the MLP model. To achieve
better engine dynamic prediction performance while reducing computational complexity,
the MLP model employs a single hidden layer containing only 10 neurons. The MLP input
uses a polynomial feature expansion vector of the system state x, therefore it is necessary
to first determine the optimal polynomial feature expansion order. The appropriate order
is selected based on the BIC as shown in Equation (16) and the prediction error results is
shown in Figure 4.
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Figure 4. Polynomial feature expansion term selection criteria.

As illustrated in Figure 4, the BIC values calculated with varying numbers of polyno-
mial feature terms show a significant decrease when the term number exceeds 10. When
the term number surpasses 20, the BIC values further diminish to approximately 3700 and
tend to stabilize. Figure 4 also presents the mean square error (MSE) for different values
of features number. Figure 5 shows the prediction error of the trained MLP model. The
prediction error gradually decreases as the number of polynomial feature terms increases,
indicating that increasing the number of terms significantly improves fitting accuracy.
Although PCA results suggest that retaining only the first three components preserves over
95% of the information, the actual fitting accuracy remains relatively low. Consequently,
12 polynomial terms as Equation (30) were selected for the feature expansion and MLP
model training. The resulting MLP model yields an average prediction error of less than
0.1% and a maximum prediction error of less than 0.26%.

ϕ(x) =
[
1, x1, x2, x2

1, x2
2, x1 · x2, x3

1, x3
2,
√

x1,
√

x2, 1/x1, 1/x2, x0.3
1

]T
(30)

Figure 5. Prediction error of the trained MLP model output between the simulation data.

Taking into account the system’s nonlinear complexity and training data, a 2nd or
3rd-order polynomial is typically selected, and an appropriate expansion dimension is
chosen to avoid overfitting.
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5.2. Multi-Loop PI Controller Design

By linearizing the nonlinear model in Equation (2) at a specific operating point, the
linearized model shown in Equation (31) can be obtained.{ .

x = Ax + Bu
y = Cx

(31)

where

A =

[
−9.4788 6.2643
0.4839 −4.5995

]
, B =

[
5757.9968 10, 116.9426
3447.6876 −138.0476

]
, C =

[
1 0

0.06234 0.08969

]

According to the decoupling compensator design methodology, the frequency range
was ω < 5 rad/s selected. The pre-compensator matrix K shown in Equation (32) was
obtained using the YALMIP optimization toolbox.

K =

[
−0.009989 0.013907
−0.000630 −0.197646

]
(32)

Based on the diagonally dominant controlled system within the specified frequency
range and under the action of the pre-compensator, a multi-loop PI controller is designed
using the direct synthesis method. The structure of the PI controller is given by the transfer
function, and the resulting parameters for the different control loops are listed in Table 1.

Gc,i(s) = KP,i + KI,i ·
1
s

, i = 1, 2 (33)

Table 1. Multi-loop PI controller parameters.

Loop KP KI

W f −0.2853 0.3031
A8 −0.0415 0.3318

5.3. Simulation Results with Feedforward Control and Multi-Loop PI Control

During the operation of the turbofan engine, the feedforward control inputs are
calculated using the MLP model and the nonlinear affine system. The desired engine thrust
is shown in Figure 6, while the corresponding controlled output parameters—fan speed
and EPR—are presented in Figure 7. In this control process, the fuel flow and nozzle throat
area serve as the control inputs; these inputs and the aforementioned outputs constitute
two mutually coupled control loops. The MLP model which approximate the nonlinear
affine system in Equation (9) is employed to calculate the feedforward control inputs.

The tracking control performance for the N1 and the engine pressure ratio desired
signals under the action of the feedforward control input is illustrated in Figures 8–10.
During the simulation, the maximum value of the main engine pressure ratio is 3.56. The
corresponding feedforward control inputs for this operating process are shown in Figure 10,
where the control inputs vary relatively smoothly during the acceleration process. The
maximum fuel flow is 1.4 kg/s, and the maximum nozzle throat area is 0.468 m2. The
feedforward control input offered by the MLP model.
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Figure 6. Desired thrust response curve.

Figure 7. Desired system output curve.

Figure 8. Turbofan engine fan speed during the feedforward control.

The simulation results are summarized in Table 2, where ARE and MRE denote the Av-
erage Relative Error and the Maximum Relative Error of the steady-state error, respectively.
The steady-state errors and the settling times for acceleration to the maximum operating
state are listed in Table 2. The steady-state errors for both controlled parameters are less
than 0.2%, and the settling times are under 2.72 s. This indicates that the time required
to accelerate from idle speed to the maximum operating state is short. Consequently, the
feedforward control provides sufficiently fast system response and high-precision output
control. The feedforward control inputs calculated using the MLP model can effectively
achieve the desired control objectives.
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Figure 9. Turbofan engine EPR during the feedforward control.

Figure 10. Feedforward control input signal profile.

Table 2. Control performance of feedforward control.

Index N1 EPR

ARE 0.11% 0.15%
MRE 0.94% 0.53%

Settling time 2.60 s 2.71 s

The simulation results demonstrate that, provided the MLP model is sufficiently
accurate and the prediction error is minimal, the feedforward control based on the nonlinear
affine system can achieve rapid and precise engine acceleration control and thrust regulation
at the whole operating range.

However, since the MLP model cannot perfectly match the actual nonlinear system,
invariant steady-state errors inevitably arise during the control process. Specifically, the
maximum steady-state error for the EPR can reach 0.532917% and that for N1 can reach
0.936759%. As both tracking errors far exceed the acceptable tolerance, feedback control
must be incorporated into the control scheme to improve control performance.

To verify the performance of the feedforward–feedback composite control in the
presence of discrepancies between the MLP model and the controlled engine, a performance-
degraded engine model was constructed. This was achieved by applying the following
reductions to the nonlinear engine model: the high-pressure compressor pressure ratio
and efficiency were reduced by 7.75% and 5.5%, respectively; the fan pressure ratio and
efficiency were reduced by 7.82% and 5.5%, respectively; and the high-pressure turbine
pressure ratio and efficiency were reduced by 2% and 3.1%, respectively. Numerical
simulations were conducted using this degraded nonlinear model of the turbofan engine,
employing the same desired system output signal shown in Figures 11 and 12.
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Figure 11. Fan speed tracking performance under the feedforward–feedback composite control.

Figure 12. EPR tracking performance under the feedforward–feedback composite control.

A multi-loop PI controller is adopted to compensate for the MLP model-based feed-
forward control, aiming to address the lack of robustness against model uncertainties and
external disturbances. In the simulation of the feedforward–feedback composite control, the
engine accelerates from a low speed to the maximum speed, followed by thrust regulation
at the maximum operating state.

The tracking performance for the engine fan speed and EPR using the feedforward–
feedback composite control is illustrated in Figures 11 and 12, covering acceleration, decel-
eration, and steady-state operation processes. The combined control input for this process
is shown in Figure 13, with the specific feedforward and PI feedback control inputs detailed
in Figures 14 and 15, respectively.

Figure 13. Feedforward–feedback composite control input signal profile.

The simulation results presented in Figures 10 and 11 demonstrate that, compared
with the feedforward-only control, the multi-loop PI feedback control effectively eliminates
the steady-state tracking errors caused by model discrepancies, reducing them to less than
0.001%. Therefore, relying on multi-loop PI feedback control to enhance the robustness of
the control system is proven to be effective.
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Figure 14. Feedback control input signal of the feedforward–feedback composite controller.

Figure 15. Feedforward control input signal of the feedforward–feedback composite controller.

6. Conclusions
This paper presents a feedforward control strategy for turbofan engine thrust regu-

lation throughout the whole operating range. The feedforward control method is built
upon an MLP model that adopts a nonlinear affine system architecture to approximate the
turbofan engine dynamics, and the feedforward control input in the whole operating range
can be obtained by simple algebraic calculation of the MLP model output at each control
step. Thus, this method can overcome the limitation of conventional engine controller
design, which requires obtaining linearized models around multiple steady-state operating
points, designing a controller for each linear model, and then integrating all controllers
into a single supervisory controller. In contrast to model predictive control, which requires
solving computationally intensive optimization problems online at each control step, the
proposed method enables the feedforward control input calculation at each step through
simple algebraic computations. The turbofan engine performance of the designed feed-
forward controller is verified under chosen conditions. The simulation results show that
the multi-loop systems controlled by the feedforward controller can achieve the excepted
control performance in transient and steady-state control process, and the system’s settling
time is less than 2.6 s, and the maximum steady-state error between the reference signal
and the controlled system outputs is less than 0.97%. Additionally, the steady-state tracking
errors resulting from MLP model errors and disturbances can be effectively eliminated
using a multi-loop PI controller, achieving a steady-state error reduction to 0.01% without
increasing the settling time.

Author Contributions: Conceptualization, P.L. and P.S.; methodology, P.L. and P.S.; software, P.S.;
validation, P.L. and F.Z.; formal analysis, P.L.; investigation, P.L.; resources, P.L.; data curation, P.S.;
writing—original draft preparation, P.L.; writing—review and editing, P.S., F.Z.; visualization, P.S.;
supervision, F.Z.; project administration, F.Z.; funding acquisition, F.Z. All authors have read and
agreed to the published version of the manuscript.

Funding: This research was funded by Liaoning Provincial Science and Technology Department
Project—Joint Plan Project, grant number 2025JH2/101800122.

https://doi.org/10.3390/app16147274

https://doi.org/10.3390/app16147274


Appl. Sci. 2026, 16, 7274 19 of 20

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding author Penghui Sun.

Conflicts of Interest: Authors Pengpeng Li and Penghui Sun were employed by State Owned
Chuanxi Machinery Factory. The remaining authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a potential conflict
of interest.

References
1. Jaw, L.C.; Mattingly, J. Aircraft Engine Controls: Design, System Analysis, and Health Monitoring; AIAA: Reston, VA, USA, 2009.
2. Richter, H. Advanced Control of Turbofan Engines; National Defense Industry Press: Beijing, China, 2013.
3. Jaw, L.C.; Garg, S. Propulsion Control Technology Development in the United States—A Historical Perspective; NASA—Glenn Research

Center: Cleveland, OH, USA, 2005.
4. McIsaac, B.; Langton, R. Gas Turbine Propulsion Systems; John Wiley & Sons: Hoboken, NJ, USA, 2011.
5. Bei, Y.; Xi, W.; Sun, P. Non-affine parameter dependent LPV model and LMI based adaptive control for turbofan engines. Chin. J.

Aeronaut. 2019, 32, 585–594. [CrossRef]
6. Sun, P.; Wang, X.; Yang, S.; Yang, B.; Chen, H.; Wang, B. Bumpless Transfer of Uncertain Switched System and Its Application to

Turbofan Engines. Energies 2021, 14, 5204. [CrossRef]
7. Gu, N.; Wang, X.; Lin, F. Design of Disturbance Extended State Observer (D-ESO)-Based Constrained Full-State Model Predictive

Controller for the Integrated Turbo-Shaft Engine/Rotor System. Energies 2019, 12, 4496. [CrossRef]
8. Yang, S.; Wang, X.; Sun, P. Design of LPV-Based Sliding Mode Regulator for Limit Protection of Aero-engines. J. Dyn. Syst. Meas.

Control 2020, 142, 091007. [CrossRef]
9. Imani, A.; Montazeri-Gh, M. Improvement of Min–Max limit protection in aircraft engine control: An LMI approach. Aerosp. Sci.

Technol. 2019, 68, 214–222.
10. Gu, B.B. Robust Fuzzy Control for Aeroengines. Master’s thesis, Nanjing University of Aeronautics and Astronautics, Nanjing,

China, 2018.
11. Shamma, J.S.; Athans, M. Gain scheduling: Potential hazards and possible remedies. IEEE Control Syst. Mag. 1992, 12, 101–107.

[CrossRef]
12. Sun, P.; Wang, X.; Yang, B.; Zeng, D. Model reference adaptive control with smooth switching scheme for piecewise linear systems

and its application in turbofan engine control. J. Aerosp. Power 2019, 34, 1615–1623.
13. Liu, S.; Wei, X.; Fang, X.; Ji, W.; Pan, S. Study on the dynamic characteristics of the coupling feedback controlling vibration system

with delay. J. Vib. Shock 2017, 36, 177–183.
14. Miao, K.; Wang, X.; Zhu, M.; Yang, S.; Pei, X.; Jiang, Z. Transient Controller Design Based on Reinforcement Learning for a

Turbofan Engine with Actuator Dynamics. Symmetry 2022, 14, 684. [CrossRef]
15. Wang, Y.; Zheng, Q.; Xu, Z.; Zhang, H. A novel control method for turboshaft engine with variable rotor speed based on the

Ngdot estimator through LQG/LTR and rotor predicted torque feedforward. Chin. J. Aeronaut. 2020, 33, 1867–1876. [CrossRef]
16. Bai, G.; Elxat, E.; Fu, X.; Meng, Y.; Liu, L.; Gu, Q. Path tracking of car-like robots based on feed-forward model predictive control.

Chin. J. Eng. 2024, 46, 1130–1139.
17. Liu, Q.; Sun, D.; Chen, H.; Li, D.; Wang, P. Design of energy-saving driving strategy based on proximal policy optimization

considering urban transport information. Control Theory Technol. 2024, 23, 74–90. [CrossRef]
18. Ji, C. Analysis to the Development of Advanced Technology for Integrated Flight-Propulsion Control. Aerosp. Power 2019, 4,

32–38.
19. Wurth, S.P.; Smith, M.S. F-35 Propulsion System Integration, Development, and Verification. In Proceedings of the 2018 Aviation

Technology, Integration, and Operations Conference, Atlanta, GA, USA, 25–29 June 2018.
20. Zhang, W.J.; Pan, W.H.; Zhang, X.F.; Liu, Q. Predictor-based sampled-data output-feedback control for feedforward nonlinear

time-delay systems. Control Theory Technol. 2025, 23, 105–117.
21. Ji, X.; Zhu, S.; Xu, Y.; Longman, R.W. Lifted time stable inversion based feedforward control for linear non-minimum phase

systems. Automatica 2025, 171, 111979. [CrossRef]
22. Chen, P.; Xu, B.; He, W.; Zhang, X. Transformer-Based Model Predictive Control with Feedforward Prediction for Ammonia

Injection Optimization in SCR Denitrification Systems. J. Environ. Chem. Eng. 2025, 202, 107804. [CrossRef]
23. Martin, G.; Bodo, H. Model-based Feedforward Control in Industrial Robotics. Int. J. Robot. Res. 2002, 21, 45–60. [CrossRef]

https://doi.org/10.3390/app16147274

https://doi.org/10.1016/j.cja.2018.12.031
https://doi.org/10.3390/en14165204
https://doi.org/10.3390/en12234496
https://doi.org/10.1115/1.4047061
https://doi.org/10.1109/37.165527
https://doi.org/10.3390/sym14040684
https://doi.org/10.1016/j.cja.2020.01.009
https://doi.org/10.1007/s11768-024-00233-7
https://doi.org/10.1016/j.automatica.2024.111979
https://doi.org/10.1016/j.psep.2025.107804
https://doi.org/10.1177/027836402320556476
https://doi.org/10.3390/app16147274


Appl. Sci. 2026, 16, 7274 20 of 20

24. Li, S.C.; Wang, Y.; Zhang, H.B. Research on adaptive feedforward control method for Tiltrotor Aircraft/Turboshaft engine system
based on radial basis function neural network. Aerosp. Sci. Technol. 2024, 150, 109180. [CrossRef]

25. Yu, Z.Y.; Wang, C.; Du, X.; Nie, L.C.; Sun, X.M. An integrated inlet/engine performance seeking control model based on salp
swarm algorithm extreme learning machine. J. Propuls. Technol. 2024, 45, 2302042.

26. Hunt, L.R.; Meyer, G. Stable inversion for nonlinear systems. Automatica 1997, 33, 1549–1554. [CrossRef]
27. Mirjalili, S.; Gandomi, A.H.; Mirjalili, S.Z.; Saremi, S.; Faris, H.; Mirjalili, S.M. Salp swarm algorithm: A bio-inspired optimizer for

engineering design problems. Adv. Eng. Softw. 2017, 114, 163–191. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/app16147274

https://doi.org/10.1016/j.ast.2024.109180
https://doi.org/10.1016/s0005-1098(97)00064-2
https://doi.org/10.1016/j.advengsoft.2017.07.002
https://doi.org/10.3390/app16147274

	Introduction 
	Turbofan Engine and Component-Level Model 
	Feedforward Control Based on Nonlinear Affine Model 
	Inversion System-Based Feedforward Control 
	Multi-Layer Perceptron Model Based on Polynomial Feature Expansion 
	Hybrid Optimization Strategy Based on Salp Swarm Algorithm 

	Multi-Loop PI Controller Design Using Direct Synthesis Approach 
	Numerical Simulation and Verification 
	Multi-Layer Perceptron for the Engine’s Nonlinear Affine Model 
	Multi-Loop PI Controller Design 
	Simulation Results with Feedforward Control and Multi-Loop PI Control 

	Conclusions 
	References

