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Abstract

Diesel generator sets are key frequency-supporting units in islanded microgrids and ship-
board power systems, where rapid speed recovery under abrupt load variations is essential
for maintaining power quality. However, conventional linear active disturbance rejection
control (LADRC) is limited by the disturbance-estimation and noise-amplification trade-off
of a single observer, while fixed parameters restrict its adaptability under varying operating
conditions. To address these limitations, this paper proposes an RBF neural-network-
optimized cascaded LADRC method, termed RBF-CLADRC. A mechanism-based torque
balance model is first established, with uncertain mechanical coupling, friction losses,
and load variations lumped into the total disturbance. A residual-disturbance cascaded
observer is then constructed, in which the first linear extended state observer estimates the
total disturbance and the second further reconstructs the residual estimation error. Unlike
conventional ML-based ADRC methods that directly tune multiple gains, the proposed
RBFNN adjusts only a common controller bandwidth within a prescribed interval, while
all observer and feedback gains are generated through predefined analytical relationships.
This low-dimensional adaptation preserves coordinated gain variation, reduces online
computational complexity, and facilitates real-time implementation. Lyapunov analysis
shows that the observer and tracking errors are uniformly ultimately bounded under
bounded disturbance rates and converge exponentially for constant disturbances. Finally,
comparative simulations in MATLAB/Simulink demonstrate that the proposed method
achieves better dynamic response and disturbance-rejection performance than conventional
LADRC and other benchmark controllers.

Keywords: diesel generator set; speed regulation; LADRC; cascaded extended state
observer; RBFNN

1. Introduction
With the rapid development of distributed generation and the ever-increasing demand

for reliable electric power, the diesel generator set has become one of the most widely
used power sources for standby supply, islanded microgrids, marine propulsion, and
emergency power in remote areas, owing to its high power density, rapid start-up capability,
and operational independence from the utility grid [1,2]. In an islanded microgrid or a
shipboard power system, the diesel generator set—comprising a diesel engine as the
prime mover and a synchronous generator—frequently serves as the principal frequency-
supporting unit, in which the speed governor regulates the engine shaft speed and thereby
determines the output frequency of the generator [3,4]. Consequently, maintaining a stable
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rotational speed under load disturbances is of critical importance, since any abrupt variation
in the electrical load induces a torque mismatch that gives rise to speed fluctuations and
frequency deviations, degrading the power quality and shortening the service life of the
unit [1].

Achieving high-performance speed regulation for diesel generator sets is, however,
a challenging task. The diesel engine–generator system is inherently highly nonlinear
and strongly coupled, while its damping and friction torques are difficult to determine
accurately, which renders the establishment of a precise first-principles model intractable [2].
One common remedy is to adopt data-driven and system-identification approaches—such
as mean-value models and neural-network-based black-box models—to reproduce the
dynamic characteristics of diesel generator sets from measured input–output data [5].
In this work, however, the dominant dynamics of the unit—the torque-balance relation
between the engine mechanical torque and the load torque—admit a compact mechanism-
based description [6]. Therefore, a low-order first-principles model is adopted, while the
residual mechanical coupling and friction losses that are difficult to model are handled by
the disturbance-rejection controller rather than being identified explicitly. Even so, the load
disturbance acting on the unit remains harsh and unpredictable, varying considerably with
the operating condition, so that the controller must contend with both model uncertainty
and strong external disturbances.

To regulate the engine speed, the proportional–integral–derivative (PID) controller
remains the most prevalent solution in industrial governors because of its simple structure;
nevertheless, its parameters have to be retuned whenever the operating point deviates
from the calibrated condition, and its disturbance-rejection capability deteriorates in the
presence of strong nonlinearity and uncertainty [2]. To improve upon PID, a variety of
advanced strategies have been investigated, including sliding-mode control, which suffers
from chattering and is therefore frequently combined with an extended state observer
to suppress it [7]; fuzzy and other intelligent controllers, whose performance depends
heavily on expert experience [4]; backstepping; and model predictive control, whose
implementation is computationally demanding [8]. For diesel and marine engines in
particular, numerous improved schemes have been reported, such as combined linear–
nonlinear control [2], variable-sampling-rate control [9], finite-time control [10], cascade
double closed-loop control [11], and comparative linear/nonlinear designs for the variable-
geometry-turbocharger exhaust-gas-recirculation subsystem [12]. Fuzzy self-tuning PID
controllers have also been investigated for diesel engine speed regulation because they can
adapt the PID gains according to the instantaneous speed error and its variation [13–15].

Among the control paradigms developed to cope with uncertainties and disturbances,
disturbance-observer-based and disturbance-estimation-based methods have received
extensive attention, as comprehensively reviewed in the literature [16–18]. Within this
family, active disturbance rejection control (ADRC), originally proposed by Han [19], is
particularly attractive. ADRC inherits the error-driven nature of PID while exploiting
the power of the state observer: it lumps the unmodeled internal dynamics together
with the external disturbances into a “total disturbance,” which is estimated in real time
by an extended state observer (ESO) and actively compensated within the control law,
thereby relieving the controller of its dependence on an accurate plant model [20,21]. The
convergence and stability of ADRC have also been rigorously established for fairly general
classes of nonlinear systems [22].

Despite these merits, the conventional nonlinear ADRC involves a large number of
parameters whose tuning relies heavily on trial and error. To alleviate this burden, Gao [23]
introduced the concept of bandwidth parameterization and developed the linear ADRC
(LADRC), in which the controller and observer gains are parameterized by the controller
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bandwidth and the observer bandwidth, reducing the tuning task to the configuration of
only two bandwidths [24]. Building on this foundation, many variants of the ESO and
the control law have been proposed to enhance the estimation accuracy and the range of
applicability, including the generalized ESO for mismatched uncertainties [25], enhanced
ESO designs [26], the generalized LADRC for linear systems [27], ADRC schemes tailored
to time-delay processes [28,29], and linear–nonlinear switching structures that combine
the advantages of both [30,31]. Owing to its concise structure and strong robustness,
LADRC and its variants have been successfully applied to permanent magnet synchronous
motor drives [7,18,31], to secondary frequency regulation and load frequency control in
microgrids [3,4], and to the speed control of diesel and automotive engines [1,2,9–12].

Recent studies have introduced intelligent optimization and machine-learning tech-
niques into ADRC to reduce manual tuning and improve adaptability under varying
operating conditions. Deng et al. [32] employed an improved particle swarm optimization
algorithm to optimize ADRC parameters, although the resulting gains generally remain
fixed during operation. In contrast, RBFNNs possess strong nonlinear-approximation and
direct adaptive-control capabilities [33,34], making them suitable for online parameter tun-
ing. Li et al. [35] therefore developed an RBFNN-optimized ADRC for autonomous-vehicle
path tracking, in which the RBFNN adaptively adjusts key ESO gains. More recent studies
have applied deep reinforcement learning to ADRC parameter optimization [36,37] or
used RBFNNs to compensate for observer-estimation errors and approximate unknown
disturbances [38,39]. Nevertheless, most existing approaches, including [35], are based on a
single-observer ADRC structure and directly adapt one or more observer or controller gains.
As the number of coupled adjustable gains increases, maintaining coordinated parameter
variation becomes more difficult, while the online optimization burden and the complexity
of closed-loop stability analysis also increase.

Recent progress has also been made in cascaded ADRC and multi-observer archi-
tectures. The cascade ESO developed in [40] distributes the disturbance-estimation task
among successive observer stages, thereby alleviating the trade-off between estimation
bandwidth and measurement-noise amplification. This concept has subsequently been
extended to quasi-generalized-integrator-based cascade ESOs for the simultaneous attenua-
tion of periodic and aperiodic disturbances [41], cascade-parallel ESOs for power-converter
control [42], and cascade estimators combining reduced-order and full-order ESOs to bal-
ance estimation accuracy, robustness, and noise sensitivity [43]. Nevertheless, most existing
cascaded schemes employ fixed or independently tuned observer parameters and do not
address coordinated online adaptation of the complete observer-controller gain set.

Overall, ML-assisted ADRC primarily emphasizes online adaptability, whereas cas-
caded ADRC improves disturbance-estimation accuracy and noise robustness. These two
research directions remain only weakly integrated, particularly for diesel generator speed
regulation under wide load variations. More specifically, the approach in [35] employs an
RBFNN to directly tune the key gain parameters of a conventional single-ESO ADRC for
autonomous-vehicle path tracking. In contrast, the present method employs two cascaded
LESOs, in which LESO1 estimates the lumped total disturbance and LESO2 further recon-
structs the residual estimation error left by LESO1. Moreover, the RBFNN adjusts only the
common controller bandwidth within a prescribed positive interval, while all associated
observer and feedback gains are generated according to predefined analytical relationships.
Therefore, the proposed method combines cascaded residual-disturbance estimation with
low-dimensional neural adaptation, preserves coordinated gain variation, reduces online
computational complexity, and provides a tractable basis for the subsequent closed-loop
stability analysis.
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The main contributions of this study are summarized as follows:

• A residual-disturbance cascaded LESO is developed for diesel generator speed reg-
ulation. LESO1 estimates the lumped total disturbance, whereas LESO2 estimates
only the residual estimation error left by LESO1. The two observers are jointly param-
eterized through pole placement rather than being tuned as independent modules,
thereby preserving a coordinated observer structure while sharing the disturbance-
estimation burden.

• A single-bandwidth neural adaptation mechanism is proposed. Instead of indepen-
dently generating multiple observer and feedback gains, the RBFNN adjusts only the
controller bandwidth, while all associated gains are calculated according to predefined
parameter relationships. This design reduces computational complexity, avoids incon-
sistent gain combinations during adaptation, and facilitates real-time implementation.

• A Lyapunov-based stability analysis is developed for the adaptive closed-loop system,
accounting for both the cascaded-LESO estimation errors and the online bandwidth
variation. The estimation and tracking errors are shown to be uniformly ultimately
bounded under bounded disturbance rates and to converge exponentially under
constant disturbances. Comparative simulations further verify the performance im-
provements provided by the cascaded observer and online bandwidth adaptation.

The remainder of this paper is organized as follows. Section 2 develops a control-
oriented model of the diesel generator set based on the torque-balance dynamics. Section 3
presents the proposed RBF-CLADRC method, including the cascaded observer, online
bandwidth adaptation, and stability analysis. Section 4 evaluates its dynamic performance
and robustness through simulations. Section 5 summarizes the main conclusions and
discusses the engineering applicability and limitations of the proposed method.

2. Mechanism-Based Modeling of the Diesel Generator Set
To obtain a tractable model for controller design, the diesel engine and synchronous

generator are treated as an integrated rotational system, and a control-oriented model is
derived from the shaft torque-balance dynamics [6]. Uncertain mechanical coupling and
friction losses are incorporated into the lumped internal disturbance, whereas variations in
the electrical load are treated as external disturbances. As illustrated in Figure 1, the throttle
opening α is taken as the control input and the rotational speed n as the system output.

Figure 1. Diesel generator model structure diagram.
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In the equilibrium state, the mechanical torque of the diesel engine balances the load
torque, and the rotational speed remains constant. Sudden load variations disturb this
torque balance and consequently cause speed fluctuations. Following the shaft torque-
balance formulation in [6], the transient speed dynamics can be expressed as follows:

J
π

30
dn
dt

= Mi − Ml , (1)

where J represents the moment of inertia of the diesel generator and the transmission
system; Mi denotes the mechanical output torque of the diesel engine; and Ml is the
damping and load torque of the generator.

The term Mi is determined by the external characteristic of the diesel engine, which
describes the variation in performance indices (such as the effective power Pe and out-
put torque Mi) with respect to the rotational speed n, provided that the fuel throttle is
maintained at the cyclic fuel injection position corresponding to the rated power.

Pe = α · Pmax · p(c)
Mi = 9550 Pe

n
p(c) = 0.652c + 1.6948c2 − 1.347c3,

(2)

where α represents the throttle opening; Pmax is the maximum effective power; p(c) denotes
the power demand function; and c is the speed ratio (the ratio of the actual speed to the
rated speed). Consequently, based on Equations (1) and (2), the dynamic equation of the
diesel generator is derived as follows:

J
π

30
dn
dt

=
9550αPmax ×

(
0.652c + 1.6948c2 − 1.347c3)

n
− Ml . (3)

The model described by Equations (1)–(3) is a control-oriented mechanism model
derived from the shaft torque-balance relation [6]. The nominal parameters used in the
simulations are summarized in Table 1. The normalized power-demand function p(c) in
Equation (2) is used to describe the steady-state external characteristic of the diesel engine.
Therefore, no additional excitation signal or transient parameter-estimation procedure is
involved, and conventional black-box fitting indices are not applicable. The physical consis-
tency of the model is checked at the rated operating point: when the engine torque balances
the rated load torque, Equation (3) yields dn/dt = 0, corresponding to the rated steady state.
The model is intentionally kept low order for controller design, with unmodeled mechanical
coupling, friction, and load variations incorporated into the lumped total disturbance and
compensated online by the cascaded LESO. Its suitability for control-performance evalu-
ation is further examined through the load-step and parameter-uncertainty simulations
presented in Section 4.

Table 1. Parameters of the diesel generator set.

Parameter Unit Value

Maximum effective power kW 1500
Generator rated capacity kW 1320

Number of cylinders — 6
Number of strokes — 4

Rated speed rpm 1500
Idle speed rpm 700

Moment of inertia kg·m2 50
Rated line voltage V 380
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3. Design of Speed Control Algorithm
3.1. Mathematical Model of LADRC

ADRC comprises three core modules: Tracking Differentiator (TD), Extended State
Observer (ESO), and Nonlinear State Error Feedback (NLSEF). By approximating the
plant as a cascade-integrator model and lumping all unmodeled dynamics together with
the external disturbances into a single “total disturbance,” it accomplishes disturbance
estimation and compensation without relying on an accurate plant model. To circumvent
the laborious parameter tuning of conventional ADRC, Gao [23] developed the linear
ADRC (LADRC), in which the controller and observer gains are parameterized by only
two quantities, namely the controller bandwidth and the observer bandwidth, thereby
reducing the tuning task to the configuration of these two bandwidths. The structure of a
conventional first-order LADRC is shown in Figure 2.

Figure 2. Structure diagram of LADRC.

The Linear Tracking Differentiator (LTD) is described by:{
e0 = z0 − ωre f
.
z0 = −r0e0,

(4)

where r0 represents the tracking speed factor; ωref denotes the reference input signal for
the rotational speed; e0 is the error signal; and z0 is the tracking signal of ωref.

The Linear Extended State Observer (LESO) is formulated as follows:
e1 = z1 − ωm
.
z1 = z2 − β1e1 + b0u
.
z2 = −β2e1,

(5)

where e1 represents the speed error signal;
.
z1 is the observed value of the speed; u denotes

the control input;
.
z2 is the observed value of the total disturbance; β1 and β2 are the

bandwidth gains; and b0 represents the control gain.
The Linear State Error Feedback (LSEF) is given by the following:

e2 = z0 − z1

u0 = ke2

u = (u0 − z2)/b0,
(6)

where e2 represents the error signal; u0 denotes the output variable; and k is the con-
troller parameter.

3.2. Online Observation and Compensation of Total Disturbance

For the crankshaft-speed dynamics, an accurate first-principles model is difficult to
obtain owing to the uncertainty in the damping torque. The model-independent nature of
LADRC offers a remedy: the damping torque is absorbed into the total disturbance [23],
which is then estimated online by a linear extended state observer (LESO) and compensated
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within the control law. Assuming that the load torque varies at an approximately constant
rate during the initial loading phase, the system is augmented as:{

J π
30

dn
dt =

9550αPmax×(0.652c+1.6948c2−1.347c3)
n − Ml

dMl
dt = C,

(7)

where C represents an unknown constant.
Because the damping torque in the preceding equation is unknown and mechanical

friction is present between the cylinders during operation, these effects are lumped into the
total disturbance and assigned to the extended state, which gives the following: dn

dt =

(
9550αPmax×(0.652c+1.6948c2−1.347c3)

n

)
×
(

J π
30
)−1 − f

d f
dt = D,

(8)

f = (Ml + E) ·
(

J
π

30

)−1
, (9)

where f is defined as the total system disturbance, in which E represents unknown distur-
bances such as mechanical friction; and D denotes an unknown constant. Let b =

(
9550Pmax×(0.652c+1.6948c2−1.347c3)

n

)
·
(

J π
30
)−1

u = α,
(10)

from Equations (8) and (9), the following can be obtained:

dn
dt

= bu − f . (11)

Therefore, the speed dynamics of the diesel generator set can be represented in the
standard first-order LADRC form, enabling the lumped total disturbance to be estimated
and compensated by a linear active disturbance rejection controller.

3.3. Design of the Cascaded LADRC Speed Controller

Under disturbances such as sudden load-torque variations, the diesel generator suffers
from pronounced speed fluctuations and overshoots that impair its operation and shorten
its service life. Since the performance of LADRC is largely dictated by the LESO, this
paper introduces a cascaded LADRC in which two LESOs share the disturbance-estimation
burden, thereby improving both the observation accuracy and the disturbance-rejection
capability of the generator.

Specifically, LESO1 first estimates the total disturbance, and its estimate is passed to
LESO2, which further estimates the residual disturbance and feeds the resulting compensa-
tion into the control law. In this way, the burden on any single observer is alleviated, and
the overall disturbance-observation capability of the system is enhanced.

Defining the rotational speed n as the state variable x1 and treating the disturbance
− f as an extended state variable x2, Equation (11) can be rewritten as follows:

.
x1 = x2 + bu. (12)

The designed first-order LESO is formulated as follows:
e1 = z11 − x1
.
z11 = z12 − β11e1 + bu
.
z12 = −β12e1.

(13)
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The estimated value x2, obtained from LESO1, serves as a known input to LESO2.
Consequently, the formulation of LESO2 is given by the following:

e2 = z21 − x1
.
z21 = z22 − β21e2 + bu + z12
.
z22 = −β22e2,

(14)

where z11 and z21 both represent the tracking values of x1; z12 and z22 denote the initial
estimate of the disturbance and the secondary estimate of the residual disturbance, respec-
tively; β11, β12, β21 and β22 are the gains of LESO1 and LESO2, which are the parameters to
be tuned and are associated with the observer bandwidth.

By placing the poles of the cascaded LESO at −ωo, the observer error gains β11, β12,
β21, and β22 are obtained as follows:[

β11

β12

]
=

[
β21

β22

]
=

[
2ωo

ω2
o

]
, (15)

where ωo is the observer bandwidth, representing the parameter to be tuned. Therefore,
the control signal for the throttle opening is given by the following:

α =
ωc

(
nre f − n̂

)
− f̂

b
, (16)

where ωc is the controller bandwidth, acting as a parameter to be tuned; n̂ is the estimated
value of n; and f̂ is the estimated value of f .

Under the nominal assumptions that the input gain used in the controller matches the
actual plant gain and that the cascaded LESO accurately reconstructs the system state and
the lumped total disturbance, the reduced-order reference-to-speed transfer function can
be expressed as follows:

G(s) =
ωc

ωc + s
. (17)

In the actual closed-loop system, however, modeling uncertainties and residual
disturbance-estimation errors couple the plant dynamics with LESO1 and LESO2, in-
troducing additional observer dynamics and potentially shifting the closed-loop poles
and zeros from their nominal locations. Accordingly, ωc and ωo should be regarded as
bandwidth-based design parameters, while the boundedness of the resulting observer and
tracking errors is analyzed in Section 3.5.

Typically, ωo is set to a multiple of ωc, approximately ωo = (2 ∼ 10)ωc, and ωo = 4ωc

is selected in this paper [23]. Let the controller bandwidth of the diesel generator be wc = 40
and b = 541. Thus, the speed controller can be designed as shown in Figure 3.

In the proposed cascaded structure, LESO1 and LESO2 are designed within a unified
parameterization rather than tuned independently. The observer poles and feedback
gain are determined through the analytical relationships given in Equations (15) and
(16), allowing the complete observer–controller gain set to be coordinated through a single
adjustable bandwidth. This formulation simplifies parameter tuning and provides a natural
basis for the low-dimensional neural adaptation introduced in the following subsection.
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Figure 3. Structure diagram of the cascaded LADRC.

3.4. RBFNN-Based Online Tuning of the Speed Controller

Although the cascaded LADRC contains multiple observers and feedback gains, these
gains are determined by the controller bandwidth ωc through the parameter relationships
established in Section 3.3. Therefore, ωc is the only parameter that needs to be adjusted
online. To achieve adaptive tuning under varying operating conditions, an RBFNN is
employed to identify the local input–output dynamics and estimate the plant Jacobian,
which is subsequently used to update ωc. The remaining observer and feedback gains
are updated algebraically according to the predefined relationships, thereby maintaining
coordinated parameter variation and reducing the dimension of online adaptation. The
block diagram of the proposed control system is shown in Figure 4.

Figure 4. Block diagram of the proposed control system.

In the proposed method, the RBFNN is used to adjust the controller bandwidth rather
than directly tuning individual observer and feedback gains. The associated gains are
then updated according to the predefined parameter relationships, ensuring coordinated
variation in the observer and controller parameters. This design reduces the dimension of
online adaptation, simplifies the tuning process, and preserves the internal consistency of
the cascaded control structure.
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A standard three-layer RBFNN, comprising an input layer, a hidden layer, and an
output layer, is employed as an online plant identifier. The network takes the current control
input u(k), the current rotational speed y(k), and the previous rotational speed y(k − 1)
as inputs, and produces the one-step-ahead predicted output ym(k + 1). Considering
the low-dimensional network input and the requirements of online implementation, five
hidden-layer neurons are adopted to provide sufficient nonlinear approximation capability
with limited computational burden. Based on the identified model, the local plant Jacobian
is estimated and used to update the controller bandwidth ωc. The topology and online
identification procedure of the RBFNN are shown in Figure 5.

Figure 5. Topology and online identification procedure of the RBFNN.

The radial basis functions in the hidden layer of the RBF neural network can take
various forms. In this paper, the most commonly used Gaussian function is selected, and
its expression is defined as follows:

φi(x(k)) = exp

(
−∥ x(k)− ci(k) ∥2

2b2
i (k)

)
, i = 1, 2, · · · , 5, (18)

where ci(k) denotes the center vector of the Gaussian function for the i-th hidden layer
neuron at the k-th sampling instant; bi(k) represents the width parameter (spread) of the
i-th hidden node at the k-th sampling instant; and ∥ · ∥ is the Euclidean vector norm,
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indicating the distance between the input vector and the center vector. The network output
is given by the following:

ym(k) =
5

∑
i=1

wi(k)φi(x(k)). (19)

The model-prediction error used for updating the RBFNN parameters is defined
as follows:

Em(k + 1) =
1
2
[y(k + 1)− ym(k + 1)]2, (20)

where y(k + 1) and ym(k + 1) denote the actual and predicted plant outputs, respectively.
The RBFNN parameters, including the center vectors ci, width parameters bi, and output
weights wi, are updated online to minimize the model-prediction error. Owing to its simple
implementation and low online computational burden, the gradient descent method with a
momentum term is adopted, and the corresponding update rules are given by the following:

ci(k) = ci(k − 1)− η
∂Em(k+1)

∂ci(k)
+ α1(ci(k − 1)− ci(k − 2))

bi(k) = bi(k − 1)− η
∂Em(k+1)

∂bi(k)
+ α1(bi(k − 1)− bi(k − 2))

wi(k) = wi(k − 1)− η
∂Em(k+1)

∂wi(k)
+ α1[wi(k − 1)− wi(k − 2)],

(21)

where η is the learning rate, with a range of [0, 1]; and α1 is the momentum factor, with a
range of [0, 1].

Once the RBFNN has identified the local plant sensitivity online, it supplies the
real-time dynamic information of the system, namely the partial derivative of the output
with respect to the control input (i.e., the Jacobian in Equation (22)). In practice, the
RBFNN output approximates rather than exactly reproduces the plant output, and the
resulting approximation error is assumed to remain bounded for bounded inputs. Since the
projection operator constrains the controller bandwidth and all associated gains within the
prescribed range, this error mainly affects the transient tuning process while preserving the
boundedness conditions required for the subsequent stability analysis. The speed-tracking
performance index is defined as J(k + 1) = 1

2 [r(k + 1)− y(k + 1)]2. Based on the estimated
Jacobian, the controller-bandwidth increment is calculated as follows:{

Ĵp(k) ≈ ∂ym(k+1)
∂u(k)

∆ωc(k) = ηc[r(k + 1)− y(k + 1)] Ĵp(k)
nref(k)−n̂(k)

b ,
(22)

where ηc denotes the learning rate for controller-bandwidth adaptation.
Since the controller bandwidth is updated online by the RBFNN, an unconstrained

gradient-based update may produce an excessively small or large value, particularly
during abrupt load variations or at the initial stage of online learning. An excessively small
bandwidth may weaken the tracking and disturbance-rejection capabilities, whereas an
excessively large bandwidth may increase control activity and amplify measurement noise.
Therefore, the updated bandwidth is restricted to a predefined admissible interval using a
projection operator.

The unconstrained candidate bandwidth is obtained by combining the bandwidth
increment with a momentum term:

ω̃c(k + 1) = ωc(k) + ∆ωc(k) + αc[ωc(k)− ωc(k − 1)], (23)

where αc is the momentum coefficient, and ω̃c(k + 1) denotes the unconstrained candidate
bandwidth. The bandwidth applied to the controller is then calculated as follows:

ωc(k + 1) = Proj[ωc,min, ωc,max]
{ω̃c(k + 1)}, (24)
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where the projection operator is defined by the following:

Proj[ωc,min, ωc,max]
(x) =


ωc,min, x < ωc,min,

x, ωc,min ≤ x ≤ ωc,max,
ωc,max, x > ωc,max.

(25)

The lower bound is selected as a strictly positive value to prevent the feedback and ob-
server dynamics from losing the required convergence rate. The upper bound is determined
by considering the allowable control effort, the sampling frequency, and the sensitivity to
measurement noise. Consequently, the online bandwidth satisfies the following:

0 < ωc,min ≤ ωc(k) ≤ ωc,max. (26)

Since the observer bandwidth and the associated observer and feedback gains are
determined from the controller bandwidth through the predefined parameter relationships,
the projection simultaneously keeps the complete observer–controller gain set within an
admissible range. Thus, the RBFNN modifies the transient response without produc-
ing physically unreasonable or mutually inconsistent gain combinations. The projection
constraint also provides the bounded and positive parameter condition required in the
subsequent closed-loop stability analysis.

Although the diesel generator model and the cascaded LADRC are formulated in
continuous time, the RBFNN is implemented digitally. At each sampling instant tk = kTs,
the current control input, current speed, and previous speed are used to update the RBFNN
parameters and to estimate the local plant Jacobian. The resulting observer and feedback
gains are then held constant over t ∈ [tk, tk+1) through a zero-order hold. Hence, the
overall system can be regarded as a sampled-data system with continuous plant and
observer dynamics and discrete parameter adaptation. The sampling period is selected to
be sufficiently shorter than the dominant observer and closed-loop time constants, thereby
limiting the intersample variation considered in the subsequent stability analysis.

The proposed controller has a relatively low computational burden. The two first-
order LESOs require only a fixed number of arithmetic operations, while the computational
complexity of the RBFNN is O(Md), where M is the number of hidden neurons and d
is the input dimension. Since the network adjusts only one controller bandwidth and
the remaining gains are calculated algebraically, multi-parameter online optimization is
avoided. For real-time implementation, the sampling interval should be sufficiently shorter
than the observer time constant, and speed acquisition, neural-network updating, observer
calculation, and control-signal generation must be completed within each sampling period.
Measurement filtering, throttle saturation, and bandwidth constraints should also be
retained in practical implementation.

3.5. Stability Analysis

The stability analysis considers both the continuous-time plant-observer dynamics
and the discrete-time bandwidth adaptation introduced in Section 3.4. It is assumed that
the extended-disturbance rate is bounded, i.e.,

∣∣ .
x2
∣∣ ≤ δ, and that the projected neural

adaptation law guarantees 0 < ωc,min ≤ ωc[k] ≤ ωc,max. Since ωo = ρωc, where ρ > 0 is
the prescribed bandwidth ratio, the observer bandwidth is also positive and bounded. The
bandwidth and the associated gains are held constant within each sampling interval by a
zero-order hold.
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To account explicitly for LESO1 and LESO2, define the observation errors and the
augmented error vector as follows:

ε1 = z11 − x1, ε2 = z12 − x2,
η1 = z21 − x1, η2 = z22 + ε2 = z12 + z22 − x2,

E = [ε1 ε2 η1 η2]
T .

(27)

Here, η2 is the estimation error of the combined extended-state estimate x̂2 = z12 + z22.
Subtracting the plant dynamics in Equation (12) from the observer dynamics in
Equations (13) and (14) yields the following:

.
E = AcE − Bc

.
x2, Ac =


−β11 1 0 0
−β12 0 0 0

0 0 −β21 1
−β12 0 −β22 0

, Bc =


0
1
0
1

. (28)

Substituting the bandwidth-parameterized gains in Equation (15), the characteristic
polynomial of the complete cascaded observer becomes the following:

det(sI − Ac) =
(

s2 + 2ωos + ω2
o

)2
= (s + ωo)

4. (29)

Therefore, the augmented observer matrix is Hurwitz for every ωo > 0. This re-
sult includes the residual-error dynamics introduced by LESO2 rather than considering
LESO1 alone. To establish a bandwidth-uniform bound, define the normalized error vector
ξ = [ε1 ε2/ωo η1 η2/ωo]

T . Within each sampling interval, its dynamics can be written
as follows:

.
ξ = ωoA0ξ−

.
x2

ωo
B0 + qs, A0 =


−2 1 0 0
−1 0 0 0
0 0 −2 1
−1 0 −1 0

, B0 =


0
1
0
1

. (30)

Here, qs denotes the bounded perturbation associated with discrete bandwidth up-
dates and intersample variation. Let P = PT > 0 satisfy the Lyapunov equation for the
constant Hurwitz matrix A0, and choose the following:

AT
0 P + PA0 = −I, Vo = ξTPξ. (31)

If ∥ qs ∥ ≤ qs, differentiation along the error trajectories gives the following:

.
Vo ≤ −ωo,min ∥ ξ ∥2 +2

(
∥ PB0 ∥ δ

ωo,min
+ ∥ P ∥ qs

)
∥ ξ ∥ . (32)

Consequently, the cascaded-observer error is uniformly ultimately bounded. When
the extended disturbance is constant and the sampling-induced perturbation vanishes, the
observer error converges exponentially to zero.

Using the combined extended-state estimate in the control law and defining
e = nref − n for a constant reference, the tracking-error dynamics are obtained as follows:

u =
ωc(t)(nref − n)− x̂2

b
, x̂2 = z12 + z22,

.
e = −ωc(t)e + η2. (33)
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For Ve = e2/2, its derivative satisfies the following:

.
Ve ≤ −ωc,mine2 + |e| |η2|. (34)

Since η2 is uniformly ultimately bounded, the tracking error is also uniformly ul-
timately bounded. When

.
x2 = 0 and the observer and sampling perturbations vanish,

η2 → 0 and the tracking error converges exponentially to zero.
The RBFNN does not directly generate the stability-critical observer and feedback

gains. Instead, it produces a candidate controller bandwidth that is mapped into the admis-
sible interval by the projection operator. Therefore, bounded neural-network approximation
errors mainly affect transient bandwidth selection without violating the positive-bandwidth
condition required for closed-loop stability. Under bounded bandwidth increments and
a sampling period sufficiently shorter than the dominant observer and closed-loop time
constants, the sampled-data implementation preserves the uniform ultimate boundedness
established above.

The main practical conclusions of the stability analysis are summarized as follows:

• The positive lower bandwidth bound keeps the controller and cascaded-observer poles
in the open left-half plane during online adaptation.

• Under a bounded disturbance rate and bounded sampling-induced perturbations, the
cascaded-observer and tracking errors remain uniformly ultimately bounded.

• Exponential convergence is recovered for constant disturbances when the observer
residual and sampling-induced perturbations vanish.

• Increasing the bandwidth generally reduces the estimation and tracking-error bounds,
but excessive bandwidth may increase control activity and sensitivity to measure-
ment noise.

These results provide the theoretical basis for the convergence and disturbance-
rejection performance evaluated in Section 4.

4. Simulation Analysis and Results
In the speed-governing system of a diesel generator set, the performance of the speed-

control loop directly determines the frequency stability and the quality of the dynamic
response. Accordingly, the proposed cascaded LADRC scheme was first verified using
MATLAB/Simulink R2024a.

4.1. Disturbance-Observation Performance of the Improved LESO

To further illustrate the frequency-domain characteristics of the cascaded observer,
Figure 6 compares the magnitude and phase responses of the conventional LESO and the
cascaded LESO. The cascaded LESO exhibits a higher −3 dB cutoff frequency and a wider
effective observation bandwidth, indicating faster disturbance-estimation dynamics and
improved transient response. In the high-frequency region, the two observers show similar
attenuation trends.
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Figure 6. Bode diagrams of the conventional and improved LESO: (a) magnitude–frequency response
and (b) phase–frequency response.

4.2. Speed Response Under Startup and Load Variation

Based on the parameters listed in Table 1, the corresponding system model was
built in MATLAB/Simulink. To provide a more comprehensive assessment, five control
strategies were analyzed and compared: a conventional PI controller, a fuzzy self-tuning
PID controller (Fuzzy-PID), a conventional LADRC with a single linear extended state
observer, a standard CLADRC, and the proposed RBF-CLADRC. The conventional LADRC
was introduced to isolate the contribution of the cascaded observer structure, whereas
Fuzzy-PID was selected as a representative intelligent control method. The simulation
scenario was configured as follows: the unit remained at standstill during 0–0.3 s; the speed
was ramped to idle during 0.3–1 s; the speed was further ramped to the rated value during
2.5–3.5 s; 50% of the load was suddenly rejected at 5 s; and 50% of the load was suddenly
added at 8 s.

The conventional LADRC employed a single LESO to estimate the lumped disturbance.
The CLADRC and RBF-CLADRC parameters were configured according to Section 3.
Each benchmark controller was tuned independently under the same nominal operating
condition before the comparative tests. For the proposed RBF-CLADRC, the bandwidth
bounds were selected around the nominal offline-tuned value. The lower bound was
chosen to maintain sufficient response speed and disturbance-rejection capability, whereas
the upper bound was set to limit excessive control action and noise amplification. The same
admissible interval was used in all simulation cases.

Figure 7 shows the overall speed responses of the five controllers, while Figures 8–10
present enlarged views of the startup, load-rejection, and load-addition stages. During
startup, the maximum overshoots of PI, Fuzzy-PID, LADRC, CLADRC, and RBF-CLADRC
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were approximately 3.21, 0.20, 0, 0, and 0 rpm, respectively. As shown in Figure 8, the PI
controller exhibits the largest overshoot, with the rotational speed reaching approximately
703.21 rpm, followed by a relatively slow decay toward the reference speed. Fuzzy-PID
substantially suppresses the startup overshoot, limiting the peak speed to approximately
700.20 rpm. In comparison, LADRC, CLADRC, and RBF-CLADRC exhibit essentially
overshoot-free responses. These results demonstrate that the proposed RBF-CLADRC
provides improved startup rapidity while avoiding excessive speed overshoot. As shown
in Figure 9, after the sudden load rejection at 5 s, the peak speeds of PI, Fuzzy-PID, LADRC,
CLADRC, and RBF-CLADRC were 1587, 1567, 1556, 1547, and 1518 rpm, with recovery
times of approximately 0.21, 0.16, 0.14, 0.13, and 0.11 s, respectively. Correspondingly, as
shown in Figure 10, after the sudden load addition at 8 s, the corresponding minimum
speeds were 1428, 1450, 1462, 1471, and 1488 rpm, with recovery times of approximately
0.26, 0.16, 0.08, 0.07, and 0.04 s. Fuzzy-PID improves the transient response relative to PI,
while LADRC provides stronger disturbance rejection through disturbance estimation and
compensation. CLADRC further improves the observation accuracy, and RBF-CLADRC
achieves the smallest speed deviation and the shortest recovery time through online band-
width adaptation.

Figure 7. Speed responses under the five control strategies.

Figure 8. Speed responses during startup process.
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Figure 9. Speed responses during load rejection.

Figure 10. Speed responses during load addition.

4.3. Speed-Tracking-Error Comparison

To further evaluate the disturbance-rejection performance of the proposed RBF-
CLADRC, the reference-tracking errors between the actual and reference speeds were
compared for the five controllers. The simulation scenario was configured as follows: the
reference speed was ramped to its rated value of 1500 rpm (1 p.u.) at 4 s under a rated load
of 1320 kW; a 50%-rated-load step was removed at 5 s, reducing the load from 1320 kW to
660 kW; and the same step was reapplied at 8 s, restoring the load to 1320 kW. The resulting
speed-tracking errors are presented in Figure 11.

As shown in Figure 12, under the 50%-rated-load rejection, the maximum speed-
tracking errors of PI, Fuzzy-PID, LADRC, CLADRC, and RBF-CLADRC were approxi-
mately 88, 42, 31, 25, and 8 rpm, respectively, with corresponding settling times of 0.26,
0.17, 0.09, 0.09, and 0.05 s. Similarly, under the 50%-rated-load addition shown in Figure 13,
the maximum errors were approximately 88, 38, 30, 22, and 8 rpm, with settling times of
0.25, 0.17, 0.10, 0.09, and 0.05 s, respectively.

Overall, Fuzzy-PID improves the transient response relative to the fixed-gain PI
controller, while LADRC provides stronger disturbance rejection through explicit total-
disturbance estimation. The comparison between LADRC and CLADRC confirms the
benefit of the cascaded dual-LESO structure, whereas the comparison between CLADRC
and RBF-CLADRC demonstrates the additional advantage of online bandwidth adaptation.

To quantify the transient tracking performance shown in Figures 12 and 13, the integral
absolute error (IAE) and the integral time-weighted absolute error (ITAE) were calculated
as IAE =

∫ T
0 | e(td + τ) | dτ and ITAE =

∫ T
0 τ | e(td + τ) | dτ, where td denotes the load-

disturbance instant, τ = t − td is the elapsed time after the disturbance, and T = 0.30 s.
Accordingly, the intervals of 5.0–5.3 s and 8.0–8.3 s were used for the load-rejection and
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load-addition cases, respectively. IAE reflects the accumulated tracking-error magnitude,
whereas ITAE places greater emphasis on errors that persist for a longer duration. The
resulting indices are summarized in Table 2.

The numerical results are consistent with the transient waveforms. Under both load
changes, the integral indices decrease progressively from PI and Fuzzy-PID to LADRC,
CLADRC, and RBF-CLADRC. In particular, RBF-CLADRC yields IAE values of 0.315 and
0.319 rpm·s and ITAE values of 0.010 and 0.010 rpm·s2 under load rejection and load
addition, respectively. Compared with PI, these values correspond to IAE reductions
of 95.96% and 95.74% and ITAE reductions of 98.15% and 97.95%. Thus, the proposed
method reduces both the accumulated speed deviation and the duration of the residual
tracking error.

Figure 11. Speed-tracking errors under the five control strategies.

Figure 12. Speed-tracking errors during load rejection.

Figure 13. Speed-tracking errors during load addition.
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Table 2. Integral error indices under 50%-rated-load variations.

Controller Addition ITAE
(rpm·s2)

Addition IAE
(rpm·s)

Rejection ITAE
(rpm·s2)

Rejection IAE
(rpm·s)

PI 0.495 7.497 0.533 7.790
Fuzzy-PID 0.134 2.567 0.144 2.808

LADRC 0.086 1.827 0.068 1.663
CLADRC 0.057 1.271 0.065 1.444

RBF-CLADRC 0.010 0.319 0.010 0.315

4.4. Online Adaptive Parameter Tuning

To illustrate the online adaptation process, the 50%-rated-load variation case described
in Section 4.3 was selected. Figure 14 presents the speed response and compares the RBFNN-
tuned controller bandwidth ωc(t) with the fixed offline-tuned value ωoff

c = 40 used by
the conventional CLADRC. In the proposed controller, ωc(t) is the only independently
adapted parameter, while the observer bandwidth ωo(t) = 4ωc(t) and the associated gains
are updated according to the relationships defined in Section 3.3.

Figure 14. Online adaptive variation in the CLADRC bandwidth ωc under sudden load changes.

As shown in Figure 14, ωc(t) remains bounded and varies mainly following the two
load transitions. After the 50%-rated-load rejection at t = 5 s, the speed rises briefly, while
ωc(t) decreases from 40 to approximately 20 and remains at this level during the reduced-
load interval. When the load is reapplied at t = 8 s, the speed decreases transiently, and
ωc(t) increases to 40 as the speed returns to its rated value. Compared with the fixed offline
reference, these results show that the RBFNN adjusts the common bandwidth according to
the operating condition.

The performance improvement results from the complementary roles of the cascaded
LESOs and the adaptive bandwidth. LESO2 compensates for the residual estimation error
of LESO1, while the RBFNN adjusts the common bandwidth according to the operat-
ing condition. This coordination enhances transient disturbance compensation without
maintaining unnecessarily high gains during steady-state operation.

4.5. Robustness Analysis

The preceding results were obtained under nominal conditions. To further assess the
robustness of the proposed RBF-CLADRC, two representative stress tests were carried
out: (i) a parameter-uncertainty test, in which a key plant parameter—the moment of
inertia—deviates from the nominal value used by the controller, evaluated under a 50%-
rated-load rejection; (ii) a combined measurement-noise and actuator-saturation test, evalu-
ated on the startup-and-load-step scenario of Section 4.2, that emulates practical sensing
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and actuation limits. In both tests, the controller parameters were kept identical to the
nominal design, so that any performance change is attributable solely to the perturbation
and not to re-tuning.

• Parameter uncertainty

Among the plant parameters, the moment of inertia J is the most difficult to determine
accurately and varies most with the engaged mechanical load, so it was selected to probe
parameter robustness. Its nominal value is J = 50 kg·m2 (Table 1), to which the cascaded
LESO and the controller bandwidth are tuned. To emulate a modeling error, the inertia
of the actual plant was varied by ±20% and ±50% (i.e., 25, 40, 60, and 75 kg·m2) while
the controller was kept fixed at the nominal tuning; the closed-loop response was then
evaluated under a 50%-rated-load rejection applied as a step change in the lumped load
torque. Because the controller is never re-tuned, any change in the response is attributable
solely to the inertia mismatch.

The resulting speed responses are shown in Figure 15. As the inertia is perturbed over
the full ±50% range, the peak speed deviation increases monotonically but modestly, from
0.47 rpm at J = 25 kg·m2 to 0.93 rpm at J = 75 kg·m2, against 0.72 rpm at the nominal inertia;
the corresponding settling time (±0.05 rpm band) stays within 0.078–0.095 s in all cases. In
every case, the response is stable and well-damped, exhibiting neither sustained oscillation
nor steady-state offset, and the five trajectories differ only slightly during the transient
before converging to the reference. These results show that the cascaded LESO treats the
inertia mismatch as part of the total disturbance and compensates it online, so that the
closed-loop performance is largely insensitive to a large uncertainty in J—consistent with
the disturbance-rejection rationale of the proposed design.

Figure 15. Speed response of RBF-CLADRC under ±20% and ±50% inertia mismatch.

• Robustness to measurement noise and actuator saturation

Practical speed governors operate with a noisy speed measurement and a physically
limited throttle, and these two non-idealities interact: sensor noise propagates through
the observer into the control command, which can drive the actuator into saturation.
To reproduce this interaction, band-limited Gaussian noise with a standard deviation of
1.0 rpm (obtained by low-pass filtering white noise) was added to the speed feedback, and
a saturation block limiting the throttle command to its physical range α ∈ [0, 1] was placed
at the controller output. Both effects were applied simultaneously, and the startup-and-
load-step scenario of Section 4.2 was repeated with the controller kept at its nominal tuning;
an ideal, noise-free, unsaturated run is included for reference. The results are shown in
Figure 16.
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Figure 16. Speed response of RBF-CLADRC under measurement noise and actuator saturation.

Under simultaneous measurement noise and throttle saturation, the RBF-CLADRC
continues to track the reference accurately: the steady-state speed ripple is confined to
1.33 rpm (0.52 rpm standard deviation), and the peak speed deviation at the load transient
is 3.65 rpm, only marginally larger than in the ideal case. As shown in the lower panel
of Figure 16, the throttle command reaches its upper limit only briefly during the load
transient and returns to the linear region as soon as the speed is restored, so the saturation is
transient and does not trigger instability or limit-cycle behavior. The speed trajectory tracks
the ideal response closely apart from a small noise-induced ripple, confirming that the
measurement filtering and the disturbance-rejection action of the cascaded LESO together
suppress the noise without excessive actuator activity. These results indicate that the
proposed controller retains its dynamic performance and stability under practical sensing
noise and actuation limits.

The corresponding normalized throttle-opening commands under startup, load-
rejection, load-addition, and moment-of-inertia variation are presented in Figure 17.

Across all cases, the throttle command responds promptly to operating changes
and rapidly settles to the corresponding steady-state level. The control signals remain
bounded over the tested inertia range and exhibit no sustained oscillation, indicating
that the improved transient and robustness performance is achieved without excessive
actuator activity.

In summary, the RBF-CLADRC maintains stable, well-damped operation both under a
±50% mismatch in the moment of inertia and under simultaneous measurement noise and
actuator saturation, with the peak speed deviation remaining below 1 rpm in the inertia-
mismatch tests and the steady-state ripple confined to about 1.3 rpm in the noise-and-
saturation test. These results confirm that the disturbance-rejection action of the cascaded
LESO preserves the closed-loop performance under the two perturbations considered,
complementing the nominal-condition results reported in Sections 4.2–4.4.
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Figure 17. Normalized throttle-opening commands of RBF-CLADRC under different simulation
conditions: (a) startup; (b) 50%-rated-load rejection; (c) 50%-rated-load addition; (d) moment-of-
inertia uncertainty.

5. Conclusions
This study developed an RBFNN-assisted cascaded LADRC for diesel-generator speed

regulation based on a control-oriented torque-balance model. In the proposed structure,
LESO1 estimates the lumped disturbance, while LESO2 reconstructs and compensates
for the residual estimation error. The RBFNN adjusts a common controller bandwidth
online, and the remaining observer and feedback gains are updated through predefined
analytical relationships. The improved performance therefore results from more accurate
residual-disturbance estimation and operating-condition-dependent bandwidth adapta-
tion. Lyapunov analysis shows that the observer and tracking errors remain uniformly
ultimately bounded under bounded disturbance rates, RBFNN approximation errors, and
sampled-data bandwidth variations, while exponential convergence is recovered for con-
stant disturbances when adaptation-related perturbations vanish.

Comparative simulations under startup, load rejection, and load addition verify the ef-
fectiveness of the proposed method. Compared with PI, Fuzzy-PID, conventional LADRC,
and fixed-bandwidth CLADRC, the RBF-CLADRC achieves smaller speed deviations and
faster recovery. Under 50%-rated-load rejection and addition, the maximum tracking er-
ror is approximately 8 rpm and the settling time is about 0.05 s. Further tests involving
moment-of-inertia uncertainty, measurement noise, and throttle saturation demonstrate
stable and well-damped responses under the considered non-ideal conditions. Since only
one bandwidth parameter is adjusted online by a small-scale RBFNN, the additional com-
putational burden remains limited, indicating the potential for real-time implementation at
an appropriate sampling frequency.

From an engineering perspective, the proposed controller requires only the reference and
measured speeds and generates the normalized throttle opening as the control output, without
relying on a detailed high-order diesel engine model. Load variations, mechanical friction,
and moderate parameter uncertainties are incorporated into the lumped disturbance and
compensated online, supporting its application to standby generator sets, islanded microgrids,
and shipboard power systems. Nevertheless, practical performance may still be affected by
combustion delay, actuator dead zones, communication delays, and long-term parameter drift.
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The RBFNN parameters and admissible bandwidth range should also be selected according
to the rated capacity and actuator characteristics of the specific generator set. Overall, the
proposed method improves dynamic response and disturbance rejection while retaining a
relatively simple structure and low computational burden.
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