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ABSTRACT Big data processing technologies, e.g., multi-sensor data fusion and cloud computing are being

widely used in research, development, manufacturing, health monitoring and maintenance of aero-engines,

driven by the ever-rapid development of intelligent manufacturing and Industrial Internet of Things (IIoT).

This has promoted rapid development of the aircraft engine industry, increasing the aircraft engine safety,

reliability and intelligence. At present, the aero-engine data computing and processing platform used in

the industrial Internet of things is not complete, and the numerical calculation and control of aero-engine

are inseparable from the linear model, while the existing aero-engine model linearization method is not

accurate enough to quickly calculate the dynamic process parameters of the engine. Therefore, in this paper,

we propose a linear model of turbofan engine for intelligent analysis in IIoT, with the aim to provide a

new perspective for the analysis of engine dynamics. The construction of the proposed model includes three

steps: First, a nonlinear mathematical model of a turbofan engine is established by adopting the component

modeling approach. Then, numerous parameters of the turbofan engine components and their operating

data are obtained by simulating various working conditions. Finally, based on the simulated data for the

engine under these conditions, the model at the points during the dynamic process is linearized, such that a

dynamic real-time linearizedmodel of turbofan engine is obtained. Simulation results show that the proposed

model can accurately depict the dynamic process of the turbofan engine and provide a valuable reference for

designing the aero-engine control system and supporting intelligent analysis in IIoT.

INDEX TERMS Industrial Internet of Things, multi-sensor data fusion, cloud computing, turbofan engine,

linearized model.

I. INTRODUCTION

Currently, although the civil aviation traffic and industry are

booming and developing rapidly, aircraft flight accidents still

occur frequently [1]. Meanwhile, aero-engines require strict

reliability, safety, economic and maintenance guarantees,

which creates challenges for their control systems [2]. That

is to say, the demands of the aviation industry are increasing

together with its challenges [3]. Nowadays, various kinds

of Engine Health Monitoring (EHM) systems [4] are exist

that can collect data from each component of aero-engine.

The associate editor coordinating the review of this manuscript and

approving it for publication was Chun-Wei Tsai .

For instance, in paper [5], Hanachi et al. surveyed state-

of-the-art condition monitoring, diagnostic and prognostic

techniques using performance parameters acquired from gas-

path data that are mostly available from the operating systems

of gas turbines. In [6], Yildirim et al. proposedModern condi-

tion monitoring-based methods to reduce maintenance costs,

increase aircraft safety, and reduce fuel consumption. As a

result, enormous amounts of data pertaining to the engine are

generated and transferred to the aero-engine control system

for further processing [7].

In recent years, the development and application of Indus-

trial Internet of Things (IIoT) [8]–[11] has promoted inter-

connection, sharing and intelligence for data processing of
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the aero-engine. In [12], Hugh et al. introduces IIoT tech-

nology, which aims to integrate various collectors, sensors

and controllers having the abilities of sensing and monitoring

into the production and operation of the aero-engine industry.

Furthermore, it adopts advanced computing techniques [13],

e.g., cloud computing and fog computing to enable intelligent

analysis and control for the aero-engine industry [14]–[16].

The IIoT-based aero-engine analysis architecture proposed

in [17] mainly includes four layers, i.e., the perception layer,

network layer, platform layer and application layer.

As mentioned above, an efficient model for aero-engine

deployed at the platform layer of IIoT is indispensable for

industrial analysis. Since the aero-engine is highly complex

and has several non-linear features, designing an aero-engine

model is a non-trivial task [18]. Therefore, devising a linear

aero-engine model is an important research direction and

objective toward achieving intelligent analysis in IIoT [19].

At present, the research on the linear model of engine

mainly focuses on two aspects: 1) construction of a linear

engine model; 2) improvement or optimization of an exist-

ing linear model. For instance, in [20], a linear model is

established or modified on account of equilibrium and non-

equilibrium states, respectively, such that the system transi-

tion state can be obtained. Based on this work, the authors

in [21] propose an improved local linearmodel by introducing

the parameters of Gaussian processing. Meanwhile, some

recent work also establishes a linear model independent of

dispatching to improve the integrated control of the turbofan

engine [22], [23].

However, to support efficient/intelligent analysis for turbo-

fan engine in IIoT especially in the presence of big industrial

data, the following challenges have to be confronted and

addressed: 1) the linear steady-state model based on small

deviation mode cannot accurately describe the real working

state of the turbofan engine [24]; 2) existing data processing

capability of the aero-engine control system is limited [19];

3) existing models cannot be adapted to the big data analysis

in IIoT.

To address the aforementioned issues, we propose an accu-

rate dynamic real-time analysis based linear model for turbo-

fan engine which mainly contributes in the following aspects:
1 The analytical method we proposed is based on the

model of component development, which is more uni-

versal and can be applied to analyze and calculate linear

models for different types of aero-engines. The data

obtained from turbofan engine can be used to describe

turbofan engine accurately.

2 The nonlinear engine model can be linearized in real

time based on the equilibrium point and dynamic point,

which improves the operation efficiency and data uti-

lization rate.

3 The linearized model established by our method can

play a better role in IIoT.

The rest of this paper is organized as follows: A survey

of related works is conducted in Sec. II. The system model

is presented in Section. III. In Section. IV, some simulation

and verification results are given to evaluate linearizedmodel.

Section. V concludes the paper and discusses the future direc-

tions of research.

II. RELATED WORK

In this section, we review existing research on aero-engine

mode linearization and its application towards IIoT.

Recently, with the improvement of computer simulation

technology and development of big data cloud computing

technology [25], computer engine modeling is increasingly

being used in research [26]. Meanwhile, aero-engine health

management has developed rapidly. By analyzing and pro-

cessing the collected data, the airborne health management

system can monitor the working condition of the engine,

further analyze the collected data, and realize the functions

of fault diagnosis, trend analysis and life management of the

engine. With the improvement of engine calculation method,

the Internet of things in aero-engine industry is becoming

complete.

Taking the example of a common mechanical, turbofan

engine, that is widely used in civil aviation [27], an aero-

engine can be seen as a complex aerothermodynamics sys-

tem with multiple rotating components, multiple cavities,

multi-coupling and strong nonlinearity. Its operating process

involves many aspects such as gas dynamics, thermodynam-

ics, chemistry and mechanics [28], [29]. The split multi-row

turbofan engine is composed of intake components, i.e., fan

and compressor, combustion component, i.e., combustion

chamber, turbine components, i.e., turbine, exhaust compo-

nents, i.e., nozzle and bypass and rotor components.

In order for an aero-engine to be stable under diverse

environmental and operating conditions, it is necessary to

control the complex and changeable working process of the

engine [30] so that it can operate reliably and perform to the

fullest its performance and benefit [31]. At the same time,

a linear model of the aeroengine with real-time analysis [32]

and calculation abilities is essential for the control system.

At present, engine modeling usually adopts component

method. The basic concept of the component method is to

establish a model based on the input and output relation

of each component and the aerodynamic constraint relation

between different components [33]. The engine model based

on the component method can be theoretically accurate.

For instance, in [34], Wang et al. demonstrated that com-

puter simulations can reduce the cost of research and develop-

ment and make up for the lack of field testing. In [35], Chung

et al. established an analytical linear model that can capture

the engine dynamics during aggressive transient maneuvers.

In [26], Popelka et al. obtained the output characteristics

and mathematical model of the engine by solving nonlinear

equations. In [36], Yang et al. obtained a linear model with

acceptable accuracy by piecewise linearizing the working

state of the engine. In the latest research [37], Yang et al.

obtained the linear model of each component through the

Taylor series expansion of these nonlinear expressions at

the current working point, that is, the linearization of each
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component is realized by the partial derivative of the output

of each independent input. The introduction of partial deriva-

tives further improves the accuracy of the model.

III. REAL-TIME LINEARIZATION METHOD BASED

ON BIG DATA ANALYSIS

The linear model of engine is integrated from the linear model

of components according to the actual structure of engine.

The linear model of components can be freely combined into

the state space model of any target engine. The analytical

linearization method can be used to solve the linear model as

long as the engine model is expressed in a suitable form [38].

The analytical linearization of the engine model proposed

in this paper is realized through two steps. The first step is

to make simplified assumptions for the nonlinear model of

the engine and convert the engine description equation into

an algebraic expression that can be analytically linearized.

The second step is to obtain the linear model of the engine by

Taylor expansion of these algebraic expressions. Fig. 1 shows

the comparison between the traditional small perturbation

method and the analytical linearization method.

FIGURE 1. Two different linearization methods.

A. NONLINEAR MODEL OF TURBOFAN ENGINE USING

COMPONENT METHOD

In this sub-section, we give the non-linear mathematical rela-

tions between input and output parameters of each compo-

nent. Taking the components of a turbofan engine as a unit,

the relationship between the input and output parameters of

the components is completely expressed in the form of a

mathematical function based on the internal characteristics

of the components and the aerodynamic and thermodynamic

processes.

The operating process of the split-row turbofan engine

[39]: the air flows into the fan through the inlet deceleration

and pressurization, and the fan’s outlet airflow is divided

into two parts. One part enters the outer culvert and expands

through its nozzle to generate thrust, and the remaining air-

flow flows into a compressor for further compression [40].

Most of the outlet airflow from the compressor flows into

the combustion chamber to participate in combustion, and a

small part of the airflow is extracted to be used for aircraft

air supply and cooling of turbines. The high-temperature and

high-pressure gas produced by combustion expands in the

TABLE 1. List of Symbols.

turbine, and the generated power is used to drive the fan

and compressor. Finally, the gas flow is discharged from the

nozzles and thrust is generated. The numerical calculation

process of a fractional turbofan engine is as TABLE 1.

1) COMPRESSOR

The conversion speed (n2,cor ), conversion flow rate (W ′
25,cor ),

pressure ratio (π ′
CH ) and efficiency (η′

CH ) of HP compressor

are given as follows:

n2,cor = n2

√

T0

Tt25

W ′
25,cor = f1(n2,cor ,RCH )

π ′
CH = f2(n2,cor ,RCH )

η′
CH = f3(n2,cor ,RCH )

W25,cor = kWCHW
′
25,cor

Pt25

P0

√

T0

Tt25

πCH = kπCH (π
′
CH − 1) + 1

ηCH = kηCHη′
Ch











































































. (1)

Total outlet pressure of HP compressor

Pt3 = πCHPt25. (2)

and the enthalpy change of compressor compression pro-

cess is

H3 =
H3i − H25

ηch
+ H25. (3)

Using the inlet parameters of HP compressor Tt25, Pt25,

H25, S25 and interpolated πCH , ηCH , Export parameters can

be calculated further T3, H3 and S3.

The power required for all inlet airflows to be compressed

from the inlet state to the outlet state

NT = W25(H25 − H3). (4)

The total pressure and enthalpy of the induced air flow in

the HP compressor are as follows:

πtc = Pt25 + Pt3 − Pt25

HCH = H25 + H3 − H25

}

. (5)
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FIGURE 2. Schematic diagram of numerical calculation of Separate exhaust turbofan engine.

The output power (Nc) and torque (τCH ) of HP compressor:

Nc = Wc(H25 − HCH )

NCH = NT + Nc −Wc(H25 − H3)

τCH = (
60

2π
)
NCH

n2















. (6)

2) COMBUSTOR CHAMBER

Combustor outlet flow (W4), total pressure (Ptout ) and fuel to

gas ratio (FAR) are calculated as follows:

W4 = W3 +Wf

Ptout = (1 − K )Ptin

FAR4 =
W3FAR3 +Wf

W3(1 − FAR3)















. (7)

According to the combustion chamber energy conservation

equation

(W3 +Wf )H4 +W3H3 +WfHuηb (8)

where H4 is low calorific value of fuel; ηb is combustion

efficiency of combustion chamber;

3) TURBINE

The exit enthalpy (H4), flow rate (W45) and fuel to gas ratio

(FAR45) of HP turbine are given as

H4 =
W3H3 +WfHuηu

W3 +Wf

W45 = W4a = W4 +W ?a?acH

FAR45 =
W4

1+FAR4FAR4 + WcH

1+FARcH FARcH
W4

1+FAR4 + WcH
1+FARcH































. (9)

whereW4a is air flow after mixing; FARcH is fuel to air Ratio

of high-pressure turbine cooling airflow.

Based on the conservation of energy before and after mix-

ing, the following expression can be obtained:

WcHHcH +W4H4 = W4aH4a. (10)

where H4a is enthalpy of the mixed flow.

The converted speed of HP turbine is given by the follow-

ing expression:

n2,cor = n2

√

T0

Tt4
. (11)

The reduced flow under current conditions and the corre-

sponding efficiency value are given as

W ′
4,cor = g1(n2,cor , πTH )

η′
TH = g2(n2,cor , πTH )

W4,cor = kWTHW
′
4,cor

ηTH = kηTHη′
TH



















. (12)

The total outlet pressure (Pt45) and actual enthalpy (H45)

at the outlet of high-pressure turbines are

Pt45 =
Pt4

πTH

H45 = H4a − ηTH (H4a − H45i)







. (13)

The output power (NTH ) and torque (τTH ) of the high-

pressure turbine are given as follows:

NTH = W4a(H4a − H45)

τTH = (
60

2π
)
NTH

n2







. (14)

145316 VOLUME 7, 2019



L. Gou et al.: Linearization Model of Turbofan Engine for Intelligent Analysis Toward IIoT

4) EXHAUST NOZZLE

The outlet flow state is expressed by the pressure ratio,

the critical pressure ratio and the true pressure ratio of the

nozzle are calculated as follows:

βcr =
Pecr

Pt
= (

2

k + 1
)

k
k−1

β =
Pb

Pt5















. (15)

where Pt is total pressure at nozzle inlet; Pb is ambient

pressure at nozzle outlet.

when the airflow is in a critical or supercritical state,

the Mach number of the outlet flow equal to 1, i.e., Ma = 1.

The outlet static pressure (P8I ), velocity (ν8I ) and flow

flow (W8I ) of the nozzle and the thrust of the engine (F8I )

can be calculated from the following formula

P8I = Pt5βcr

ν8I = νcr =
√

2kRTt5

k + 1

W8I = K
Pt5√
Tt5

A8I

F8I = W8I + (P8I − Pb)A8I



































. (16)

when the airflow is in a subcritical state, the static pressure

at the outlet of the nozzle is equal to the ambient pressure,

i.e., P8I = Pb.

The relationship between different parameters is given

below:

ν8I =

√

√

√

√ 2k

k − 1
RTt5[1 − (

Pb

Pt5
)

k − 1

k ]

ρ8I =
Pt5

RTt5
(
Pt5

Pb
)
−
1

k

W8I = ρ8IA8Iν8I

F8I = W8Iν8I















































. (17)

Once the parameters corresponding to the four parts of

the engine are calculated, the complete mathematical model

of the engine can be obtained according to the connection

relation and balance equation between the different parts,

as shown in Fig. 2.

B. LINEARIZATION OF NONLINEAR MODELS

Linearization means that the nonlinear relation of the system

is approximated by linear expression at the operating point

of the system [41]. The stronger the nonlinearity of the sys-

tem, the smaller the approximate range of linearization. The

general condition of linearization is that the system function

is continuous in the linearized region and the system runs in

the small range of the target operating point, that is, in the

confidence range of linearization.

The improved Newton-Rapson method [42] utilized in this

paper uses an iterative factor to correct the derivative of the

output with respect to the input and guide the search direction

of the optimal solution of the non-linear equations.

Given the following nonlinear equations










f1(x1, x2, · · · , xn) = 0

f2(x1, x2, · · · , xn) = 0

fn(x1, x2, · · · , xn) = 0

. (18)

The iteration number is represented by k and ranges from

0 to n. Other parameters used in the above equations are

given as
{

xk + 1 = xk − ‖Jk‖−1ek , ‖Jk‖−1 ≤ M

xk + 1 = xk − Ks‖Jk‖−1ek , ‖Jk‖−1 > M
. (19)

Iterative factors Ks is used to modify the derivative of the

output to the input to guide the search direction of the opti-

mal solution of the equation. When dealing with nonlinear

equations, the same principle is used to determine the change

direction of the respective variables, where

Xk = [x
(k)
1 x

(k)
2 x

(k)
3 ]T . (20)

ek = [e
(k)
1 e

(k)
2 e

(k)
3 ]T . (21)

Jk =





















∂f1

∂x1

∂f1

∂x2
· · ·

∂f1

∂xn
∂f2

∂x1

∂f2

∂x2
· · ·

∂f2

∂xn
...

...
. . .

...
∂fn

∂x1

∂fn

∂x2
· · ·

∂fn

∂xn





















≈





















1f1

1x1

1f1

1x2
· · ·

1f1

1xn
1f2

1x1

1f2

1x2
· · ·

1f2

1xn
...

...
. . .

...
1fn

1x1

1fn

1x2
· · ·

1fn

1xn





















. (22)

For the nonlinear model of the engine mentioned above,

the system state and output at any working (x0, z0, u0) of the

nonlinear system can be expressed as











ẋ0 = f (x0, z0, u0)

ż0 = m(x0, z0, u0) = 0

y0 = g(x0, z0, u0)

. (23)

The dynamic function and the function of intermediate

variables are expanded with Taylor series near the currently

selected working point, and the higher order terms are omit-

ted. The following expression can be obtained

f ′(x ′, z′, u′)

= f (x0 + 1x, z0 + 1y, u0 + 1u)

≈ f (x0, z0, u0) +
∂f

∂x
|01x +

∂f

∂z
|01z+

∂f

∂u
|01u

= f (x0, z0, u0) + A′1x + F1z+ B′1u. (24)
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m(x ′, z′, u′)

= m(x0 + 1x, z0 + 1y, u0 + 1u)

≈ m(x0, z0, u0) +
∂m

∂x
|01x +

∂m

∂z
|01z+

∂m

∂u
|01u

= m(x0, z0, u0) +M ′1x + K1z+ L ′1u. (25)

wherem(x, y, z) = 0, therefore, the expansion of the function

of the intermediate variable can be expressed as M
a
x +

K
a
z+ L

a
u = 0, i. e.

1z = −K−1M ′1x − K−1L ′1u. (26)

Simplified expansion

f (x ′, z′, u′) ≈ f (x0, z0, u0) + (A′ − FK−1M )1x

+(B′ − FK−1L)1u

= f (x0, z0, u0) + A1x + B1u. (27)

f ′(x ′, z′, u′) − f (x0, z0, u0)

= 1ẋ = A1x + B1u. (28)

The linearization of the nonlinear engine model gives

parameters to describe the linear model. In this paper, var-

ious components of the system are considered as part of

a simple static system, and we will be able to achieve the

linearization of each component using the partial derivative

of the output with respect to independent input of each

component [43].

Fig. 3 is a schematic diagram of the linearization process.

Linearization of working point (x0, z0, u0) will generate an

effective region. A more accurate output estimation can be

obtained by calculating point (x ′, z′, u′) in the region with

the linear model obtained from this point. The arrow in

the Figure represents the value of the current point state

function, and the curve represents the working track of the

system.

The Taylor series expansion of the output function to

the working point (x0, z0, u0) in the effective region can be

expressed by the following formula, and the higher order can

FIGURE 3. Diagram of the linearization process.

also be omitted, as follows

g(x ′, z′, u′)

= g(x0 + 1x, z0 + 1y, u0 + 1u)

≈ g(x0, z0, u0) +
∂g

∂x
|01x +

∂g

∂z
|01z+

∂g

∂u
|01u

= g(x0, z0, u0) + C ′1x + E1z+ D′1u

= g(x0, z0, u0) + (C ′ − EK−1M )1x

+(D′ − EK−1L)1u

= g(x0, z0, u0) + C1x + D1u. (29)

g′(x ′, z′, u′) − g(x0, z0, u0)

= 1y = C1x + D1u. (30)

The state space equation of the nonlinear system can be

obtained
{

1ẋ = A1x + B1u

1y = C1x + D1u.
(31)

The above method linearizes the dynamic points along the

working track. Compared with the traditional steady-state

linearization method, a more consistent linear model can

be obtained, which gives a more accurate estimation of the

dynamic process, as shown in Fig. 4. In addition, this real-

time linearization scheme for each dynamic working point

also avoids the problems faced by the scheduling piecewise

linear model.

FIGURE 4. Linearization diagram of dynamic operating point.

The application of steady-state and dynamic calculations

of the nonlinear engine model is based on the state change of

the transmission components, i.e., whether the power on the

rotor is balanced or not.

Dynamic calculations are used to obtain the state parame-

ters of the engine during the transition from one steady-state

to another. In these calculations, not only the rotor dynamics

principle between the rotors should be compliedwith, but also

the constraints of the commonworking equations between the

components should be followed, so that the calculation results

can be consistent with the actual working state of the engine.
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In fact, not only the influence of rotor dynamics should be

taken into account when establishing a high-precision non-

linear engine model, but also the cavity and heat transfer

dynamics of high-temperature components involved should

be taken into account.

During the functioning of the engine, ignoring the mechan-

ical efficiency, the rotor motion equation used to calculate the

rotor acceleration is as follows:

τC + τT = J
d̟

dt
= J

dn

dt

2π

60
dn

dt
=

60

2

(τC + τT )

J
. (32)

In this paper, only second-order rotor dynamics are consid-

ered in the modeling process, and the effects of volume and

heat transfer dynamics are ignored.

For the general nonlinear system, x is the state, u is the

input, y is the output of the system, z is the intermediate

variable of the system, the m is the intermediate variable

function, the g represents the output function of the system.











ẋ = f (x, z, u)

ż = m(x, z, u)

y = g((x, z, u).

(33)

In the engine model considered in this paper, x refers to the

rotor dynamic parameters of the engine, and z represents the

volumetric dynamic parameters. As the volumetric dynamics

are ignored, the flow, temperature and pressure parameters

involved in each component of the engine are the same at the

inlet and outlet. This leads to

ż = m(x, z, u) = 0. (34)

As a result, the nonlinear model of the engine can be

expressed as











ẋ = f (x, z, u)

ż = m(x, z, u) = 0

y = g((x, z, u)

. (35)

After the linear model of each component is established,

the overall linear model of the turbofan engine can be

obtained. For this purpose, the structure of the exhaust tur-

bofan engine is matched to each component by selecting

appropriate input, output and intermediate state parameters.

The linear coefficient matrix of each component is connected

in series based on the structure of the engine. The linearmodel

of the system is shown in Fig. 5.

The specific form of the linear state space model is as

follows:
{

1ẋ = A1x + B1u+ R1w

1y = C1x + D1u+ S1w.
(36)

With n1, n2 as dynamic models of the engine, the complete

description of its input and output variables can be written as

FIGURE 5. Linear model of the system.

FIGURE 6. The core machine component model joint matrix.

FIGURE 7. Accuracy verification schematic of Linear model.

follows:

u =
[

wf

A8I

]

x =
[

n1

n2

]

w =
[

Pt2

Tt2

]

y =







x

z

y′






. (37)

y′(9×1) = [τCFτCLτCH τTH τTLν8IF8Iν8IIF8II ]
T . (38)

zT(26×1) = [W2W23Tt23Pt23RCF

W25Tt25Pt25RCLW3Tt3Pt3

RCHW4Tt4Pt4W45Pt45

πTHW5Tt5Pt5πTLW8IW8II ]. (39)

The output vector of the system is composed of system

state, i.e., n1 and n2, component parameters, i.e., Nc, T
∗

and P∗, linkage parameters represented by τ and perfor-

mance parameters, i.e., Fg and V9. For convenience, the out-
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FIGURE 8. The variation of engine state on the component characteristic
diagram in transition state. (a) HPC. (a) HPT.

put parameters of the iterative solver, such as compressor

R-line and turbine drop ratio data, are added into component

parameters to jointly form the output vector of the system.

Based on the composition of input/output and intermediate

parameters, the linear coefficient matrix of each component

can be combined to give the following form:

K(n×n)1z(n×l)+M(n×m)1x(m×l)+L(n×m)1u(m×l) = 0. (40)

As the elements of the K matrix are independent of one

another, the matrix is invertible. In the process of component

combination, a large number of elements of the matrix K

will be zero due to lack of correlation between different

components. Based on this characteristic, the algorithm of

matrix operation can be optimized to improve the speed of

the state space model of the whole machine.

The component parameter vector 1z in (40) can be repre-

sented by system input and system state as follows:

1z = −K−1(L1u+M1x). (41)

The torque and performance parameter vector
a
y′ can also

be integrated into component parameter vector
a
z. However,

to reduce the dimensions of K , improve the operation speed

of the matrix and facilitate the solution of the system state

space model,
a
y′ is listed separately as

1y′ = E1z+ F1u+ G1x

= (−EK−1M + G)1x + (−EK−1 + F)1u. (42)

FIGURE 9. Dynamic variation of rotor in transition state.

After combining with the dynamic equation of the engine

rotor, the state equation of the whole engine and output

equation of the system can be written as

1ẋ = P1y′

= (−PEK−1M + PG)1x

+(−PEK−1L + PF)1u

= A1x + B1u.

1y = C1x + D1u. (43)
{

1ẋ = A1x + B1u

1y = C1x + D1u.
(44)

Fig. 6 shows an example matrix of a turbofan core engine

[44]. For the ease of understanding, equations of all the

components are integrated into the matrix K based on the

order of engine structure. Due to the universality of this

linearization method, a component equation can be included

in K based on the specific structure of the target engine to

obtain a new linear engine model. Each colored block in the

figure represents a component, and the last block is reserved

for storing the continuous flow equation.

IV. SIMULATION AND VERIFICATION

In this paper, a two-axis split turbofan engine model in the

pneumatic system modeling and analysis toolbox (T-MATS)

[45] compiled based on MATLAB/Simulink environment

was selected to verify and evaluate the linearizedmodel based

on two linearized analysis methods.
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FIGURE 10. Comparison of compressor component parameters.

Two types of verification of the linear model are carried

out: steady-state verification and dynamic process verifica-

tion. The accuracy of the linear model is evaluated by calcu-

lating the difference between the response of the nonlinear

model and the response estimated from the linear model,

as shown in the Fig. 7.

To avoid excessive error fluctuations caused by the incre-

mental form of nonlinear response, which can render the error

analysis meaningless, the maximum variation of nonlinear

model response in the simulation process is used to normalize

and calculate the final error [46], as shown below

ERR =
1yAL − 1yNL

1yNLmax
. (45)

A. DYNAMIC VALIDATION

Dynamic accuracy analyzes the deviation between the linear

and non-linear models in the transition state. The engine is

put under a large range of acceleration and deceleration to

obtain the transition state, so that the state of the engine in

the characteristic diagram changes over a large span.

Taking high-pressure compressor and high-pressure tur-

bine as an example, under the given oil supply curve, the trace

lines of the nonlinear model on the characteristics of the

engine rotating components are shown in Fig. 8.

It is obvious from the figure that the steady-state point

linearization method can only fit a limited number of points

on the dynamic trajectory. It is obvious that the real-time

dynamic linearization method proposed in this paper is supe-

rior to the steady-state point linearization method.

The simulation results of dynamic verification using a large

range of transition states are shown in Fig. 9. The change

in acceleration increment is the output of the state equation

of the linear model of the engine. Where high-pressure and

low-pressure rotor speed n1, n2 are two state variables of the

selected model, and the fuel flow Wf is the input variable.

The simulation results show that the linear model can

track the nonlinear model well under the same fuel input and

speed changes, which proves the dynamic accuracy of the

TABLE 2. The steady-state error in H = 0, Ma = 0.

linearization method proposed in this paper, and can quickly

fit the nonlinear model under dynamic conditions to track the

real state of the engine in real time.

B. STEADY-STATE VERIFICATION

Steady-state accuracy analyzes the deviation between linear

and nonlinearmodels when the formermodel transitions from

the original steady-state point to the new steady-state point.

This process generally uses the small perturbation method,

which tests if the linear model, after being disturbed around a

small range near the original steady-state point, gives results

that are consistent with those of the non-linear model. We

applied a step of ±0.5s to the low-pressure rotor speed at

the selected steady-state operating point 1. By referring to

formula (45), we calculated the component output parameter

changes and the errors of the linear model compared with the

nonlinear model. The simulation results are shown in Fig. 10.

Simulation results show that except for the flow rate,

the overall error can be defined within 5%, where the error of

temperature, pressure and torque can be defined within 1%

except for the step point, and the error at the step point is no

more than 10%, indicating that the linear model has a high

accuracy under the step input with a small range.

Select 10 different steady-state operating points of the

engine under the condition of H = 0, Ma = 0,
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the steady-state errors of the high pressure and low pres-

sure rotor speed under different steady-state conditions were

obtained, and the results are shown in TABLE 2.

It can be seen from the table that at the 10 operating points,

the steady-state error is very small. Therefore, this method

can fully reflect the calculation mechanism of the model and

improve the efficiency of the model.

V. CONCLUSION

In this paper, we have proposed a linear model of the tur-

bofan engine to enable intelligent analysis towards Industrial

Internet of Things. Notably, the componentmethod is adopted

to address the problem of accurate engine modeling. For the

dynamic process of engine, we propose an analytical method

to carry out real-time linearization analysis and calculation

at the dynamic point of engine. Compared with the current

methods for constructing the linear model, the advantages

of our proposal are as follows: the analytical linearization

method based on component modeling can reflect the phys-

ical principle of the working process of the system, and can

quickly fit the real process of turbofan engine, with high oper-

ating efficiency and flexible modification; compared with

the traditional steady-state model, we add more accurate

description of the dynamic process; the proposed method can

be more easily applied to the industrial Internet of things

by taking the EHM detection platform as the application

carrier.

Possible future work that can be derived from this work

is to make the method be more universal for different types

of aero-engines by comprehensively analyzing and integrat-

ing the input/output data and many intermediate variables

of engines. In addition, the analytical linear model can be

improved to combine with some other factors, e.g., the engine

health degradation, such that the engine degradation charac-

teristics can be acquired and the applicability of the proposed

method can be increased, leading to a more perfect IIoT

system especially for the aero-engines.
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