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PAPER

Disturbance Observer-Based Sliding Mode Control 
for Ventilation Blower-Based Systems: Controller 
Design and Simulation

ABSTRACT
This paper presents a disturbance observer-based sliding mode control (DO-SMC) for a venti-
lation blower-based system (VBS) to enhance control performance. Due to the complexity of 
physical modeling and the lack of blower specifications, the VBS model is approximated as a 
second-order transfer function using a black-box system identification approach. Additionally, 
the VBS model was evaluated using the Nash-Sutcliffe model efficiency coefficient, achieving 
a fit of 92.77%. To validate the performance of DO-SMC, various simulation scenarios were 
conducted both in the absence and presence of disturbances. In the disturbance-free sce-
nario, the VBS controller effectively tracked the desired air volume during the inspiratory 
cycle. However, this effect is less evident at the start of the cycle due to rotor inertia and 
electrical driver characteristics. Specifically, the simulation data showed a maximum devi-
ation of approximately 47 ml under these conditions. In contrast, under ramp and square 
disturbances combined with random noise, the proposed controller significantly reduced the 
steady-state error and improved response time, even in the presence of system uncertainties. 
Additionally, slight chattering was observed in the control signal, attributed to the controller’s 
attempts to compensate for abrupt system behavior changes. As a result, accurate estimation 
of the ramp and square disturbances contributed to enhanced overall control performance 
by mitigating their effects, even though some residual errors remained in the higher-order 
tracking dynamics due to system limitations.
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1	 INTRODUCTION

In the field of healthcare, a crucial challenge is making life-saving medical equip-
ment, particularly mechanical ventilators (MV) [1–3], accessible during global health 
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emergencies [4–5]. Specifically, the MVs support patients with respiratory failure, 
considerably improving survival rates in critical conditions [6]. Throughout history, 
pandemics such as the 1918 influenza and, more recently, COVID-19 have empha-
sized the urgent need for scalable solutions [7]. During the COVID-19 pandemic, 
the overwhelming demand for MVs exposed vulnerabilities in global healthcare 
infrastructure, especially in low-resource settings where supply chain disruptions 
and limited accessibility were prevalent [8–11]. These challenges underscore the 
importance of developing cost-effective MVs not only for basic functions but also 
for diverse patient populations under varying clinical conditions [12]. Consequently, 
this underscores the necessity of developing suitable control algorithms capable of 
effectively addressing external disturbances and system uncertainties to ensure effi-
cient and reliable operation.

In recent years, numerous studies have focused on the development of advanced 
control strategies to address the challenges associated with ventilation blower-based 
systems (VBS) [13–15]. Among these challenges, achieving robustness, precise track-
ing performance, and adaptability in the presence of uncertainties, as well as exter-
nal disturbances, has been considered significantly important [15]. In reality, the 
controllers have to maintain reliable performance across a wide range of clinical 
scenarios given the dynamic and patient-specific nature of respiratory mechanics, 
including inter-patient variability, varying airway resistances, spontaneous breath-
ing efforts, and system perturbations [16]. Hence, several control methodologies 
have been explored, each addressing specific limitations of traditional controllers 
and contributing uniquely to the advancement of respiratory support systems.

Firstly, sliding mode control (SMC) has been extensively studied due to its robust-
ness against model uncertainties and external disturbances [17]. Notably, SMC 
guarantees asymptotic tracking despite parameter variations by enforcing system 
trajectories to converge and remain on a predefined sliding manifold [15]. Expressly, 
it exhibits inherent insensitivity to bounded uncertainties, which makes it a poten-
tial candidate for systems with unknown or variable dynamics. However, traditional 
SMC suffers from the problem of the chattering phenomenon caused by high- 
frequency switching [18], which not only introduces steady-state oscillations but also 
poses practical limitations in sensitive medical contexts like MV [19]. Consequently, 
chattering can lead to pressure fluctuations, patient discomfort, or even injury, 
necessitating updated or combined control variants.

Additionally, model predictive control (MPC) offers a fundamentally different 
approach by solving an optimization problem at each time step to determine control 
actions based on future predictions [20]. This forward-looking nature allows MPC 
to handle multivariable objectives and constraints explicitly [21], making it suitable 
for respiratory systems where pressure, volume, and flow limits must be respected 
to avoid lung injury. MPC’s ability to incorporate the prediction of patient effort and 
system dynamics enhances patient-ventilator synchrony [22]. Notwithstanding, its 
real-time implementation demands significant computational resources and relies 
heavily on model accuracy [23]. In the presence of patient-specific uncertainties or 
abrupt changes in dynamics, such as spontaneous breathing or airway occlusions, 
prediction errors can degrade control performance, raising safety and reliabil-
ity concerns.

Besides, adaptive control strategies, such as model reference adaptive control 
(MRAC) and adaptive backstepping, are attractive due to their ability to estimate 
and compensate for uncertain parameters [24]. In the first place, MRAC adjusts 
itself based on the discrepancy between the plant output and a desired reference 
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model [25]. In general, when applied to MV, MRAC enables the system to accom-
modate variations in respiratory system parameters, including compliance and 
resistance, across different patients [26]. Nonetheless, MRAC typically requires 
measuring or estimating internal variables, as illustrated in MV, where the alveo-
lar pressure may not be directly accessible in clinical settings. On the other hand, 
adaptive backstepping provides a systematic design procedure for nonlinear sys-
tems by recursively constructing virtual control inputs and associated Lyapunov 
functions. From there, it allows parameter adaptation while ensuring system 
stability [27]. Nevertheless, both methods may show degraded performance 
under external disturbances or modeling mismatches not captured by parameter 
uncertainty.

Intelligent control methods, particularly reinforcement learning (RL) and fuzzy 
logic control (FLC), represent a data-driven paradigm shift in MV control [28]. 
RL formulates the control problem as a Markov Decision Process, allowing the sys-
tem to learn optimal ventilation policies via interaction and feedback. Advanced 
RL algorithms can operate without explicit plant models, relying instead on data 
to approximate optimal control strategies [29]. In intensive care datasets, RL-based 
frameworks like VentAI [30] have outperformed conventional strategies in optimiz-
ing ventilator settings for patient outcomes [31]. In contrast, RL’s clinical applicabil-
ity is constrained by its need for extensive training data and the risk associated with 
exploration in live patients. On the other hand, FLC encodes expert knowledge into a 
rule-based system using linguistic variables. It provides a robust solution to systems 
with ambiguous, nonlinear, or poorly defined models, as commonly seen in respi-
ratory care [32]. Although FLC is easier to implement and interpret, it lacks formal 
stability guarantees and often requires empirical tuning of membership functions 
and rules, limiting its scalability and reproducibility.

Remarkably, active disturbance rejection control (ADRC) has emerged as a com-
pelling alternative, particularly for systems with unmodeled dynamics or unknown 
disturbances [33]. ADRC introduces an extended state observer (ESO) to estimate 
the total disturbance, including model uncertainties and external perturbations, and 
employs a compensation control law to cancel it in real-time. In MV applications, 
ADRC has demonstrated improved pressure tracking and robustness without rely-
ing on accurate patient models [34]. Studies show that ADRC-equipped MVs achieve 
performance comparable to commercial systems while offering resilience to patient 
variability and system disturbances. Yet, ADRC’s effectiveness hinges on proper tun-
ing of observer and control gains, and its implementation complexity may hinder 
clinical deployment without streamlined calibration procedures.

Toward a unified and robust control framework, this paper proposes a prom-
ising approach: disturbance observer-based sliding mode control (DO-SMC) [35]. 
This method combines the robustness and finite-time convergence of sliding mode 
control (SMC) with the disturbance estimation capability of a disturbance observer 
(DO), thereby enhancing disturbance rejection while reducing the need for high 
switching gains [36]. Of which, DO-SMC does not require prior knowledge of dis-
turbance bounds, making it well-suited for respiratory control under uncertain and 
time-varying conditions. Furthermore, the proposed DO-SMC framework integrates 
key advantages from both classical and modern control strategies. It incorporates 
the robustness of SMC, the disturbance estimation from active disturbance rejection 
control (ADRC), and the adaptability to changing patient conditions typically found 
in adaptive control methods [37]. In this study, the performance of the DO-SMC con-
troller was evaluated through simulations under two conditions: without external 
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disturbances and with external disturbances. Based on the analysis of these scenar-
ios, the main contributions of this paper are as follows:

•	 Designing and implementing a novel DO-SMC strategy that combines sliding 
mode control and disturbance observation strengths to improve robustness and 
accuracy under dynamic conditions.

•	 Extensive simulations were conducted to evaluate the control performance of the 
proposed method under scenarios with and without disturbances, demonstrat-
ing its superiority over conventional control strategies.

2	 METHODOLOGY

The dynamic characteristics of a VBS can be described with a third-order state-
space model as follows:

	
x Ax B

Cx
( ) ( ) ( ),

( ) ( ),

t t u t

y t t

� �
�

	 (1)

where ( ) [ ( ) ( ) ( )]Tt V t V t V t 

x  is the state vector, V(t) is the output air volume of 
the blower, u(t) is the control signal, and the matrices
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where a1, a2 and h are determined by system identification.
Sampling the output of the system in Eq. (1) with a period Ts and applying the 

control signal using a zero-order hold (ZOH), the system plant can be represented 
in discrete time, including the disturbance d(k). This disturbance includes the resis-
tance force acting on the blower blade and the uncertainties in model identification. 
Assuming these uncertainties satisfy the matching condition, the discrete state-space 
model can be presented as follows:
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are calculated computationally. I ∈ 3 × 3 is the identity matrix, and the state vector 
in a discrete-time domain is defined by ( ) [ ( ) ( ) ( )]Tk V k V k kV 

x . If the reference 
vector is x

d
( ) [ ( ) ( ) ( )]k V k V k kV

d d d

T� � �� , then the tracking error vector is defined by 
e x x

d
( ) ( ) ( )k k k − . The sliding variable can be chosen as

	 s(k) = cTe(k),	 (5)
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where 2[ 2 1]Tλ λc  is the sliding design parameter. The sliding variable at 
k + 1 interval is given by

	 s(k + 1) = cTe(k + 1).	 (6)

From the system is described as Eq. (3), the definition of e(k), and Eq. (6) follow as

	 s(k + 1) = cT(Adx(k) + Bdu(k) + Bdd(k) - xd(k + 1)).	 (7)

The control signal u(k) consists of two components: the equivalent control ue 
and the disturbance compensation uc. The equivalent control can be obtained from 
nominal model of the system as Eq. (3) with Gao’s reaching law condition s(k + 1) = 
bs(k) - hsgn(s(k)) according to [38]. The equivalent control can be derived as

	 ue(k) = (cTBd)-1[cTxd(k + 1) − cTAdx(k) + bs(k) - hsgn(s(k))],	 (8)

where 0 < b < 1, h > 0 are designed positive constant. The term cTBd is a nonzero 
scalar and can be proven based on Eq. (4) and the definition of c.
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Eq. (9) is equivalent to:
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It is easy to observe that with a sufficiently small Ts, the higher-order expansion 
terms in Eq. (10) tend to zero as k → ∞. Consequently, with appropriately chosen l 
and Ts, and given that h ≠ 0, the term cTBd is non-singular and the control law ue(k) is 
fully determined. To eliminate the disturbance d(k), uc is designed as

	 u k d k
c
( ) ( ),ˆ� � 	 (11)

where ˆ( )d k  is the estimation of external disturbance. The total control signal is 
defined by

	 u k k k s k s k d kT T T( ) ( ) [ ( ) ( ) ( ) ( ( ))] ( ).ˆ� � � � � ��c B c x c A x
d d d

1 1 � �sgn 	 (12)

Substituting Eq. (12) into Eq. (7), it can be obtained

	 s(k + 1) = bs(k) - hsgn(s(k)) + m(k),	 (13)

where µ( ) ( )k d kT� �c B
d

. Let � �d k d k d k( ) ( ) ( )ˆ−  is the disturbance prediction error, 
the disturbance estimation law ˆ( )d k  can be designed according to [39], that is

	 ˆ ˆ( ) ( ) ( ) [ ( ) ( ) ( ( ))],d k d k s k s k s kT� � � � � � ��1 1 11c B
d

� � �sgn 	 (14)

where 0 < a < 1 is positive constant.
The prediction error dynamic can be obtained from Eqs. (13) and (14)

	  d k d k d k d k( ) ( ) ( ) ( ) ( ).� � � � � �1 1 1 � 	 (15)
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With a sufficiently small sampling time, there exists a value m. If the change 
rate of the disturbance satisfies d k d k m( ) ( )� � �1 , the disturbance prediction error 

remains bounded and satisfies d k m( ) /� � under the control law in Eq. (12) and 
disturbance observer shows as Eq. (14). If m is sufficiently small, this error will con-
verge to zero following to [40].

With 0 1� � ��� � �( )k mTc B
d

, four conditions are analyzed to prove the stability 
of the system under the control laws in Eqs. (12) and (14).
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It yields that,
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•	 When -cTBd(m/a) - h < s(k) < 0, this yields
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From the four analyses above, it can be concluded that
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	  Conditions from Eqs. (16) and (17) ensures that s(k) → 0 in the presence of 
disturbances. The sampling time should be sufficiently small and a should be 
appropriately chosen so that m exists and satisfies m /α  1. Since cTBdma -1 < h, h 
is chosen sufficiently small and makes c B

d
T m( / )� ��  1. Consequently, s(k + 1) 

converges within a boundary layer around zero, with the bounds defined by 
cTBd(m/a) + h.

	   In practice, u(k) is usually bounded by u0 > 0 due to the voltage limit of the 
actuator. Then the control law can be defined as
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3	 CASE STUDY: VENTILATION BLOWER-BASED SYSTEM

Prior to designing the control parameters, the nominal model of the VBS needs to 
be determined through system identification.

3.1	 System identification of VBS

Due to the lack of detailed information regarding the blower’s blade design and 
the electrical characteristics of the driver, physically modeling the VBS becomes 
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challenging and complex. Therefore, the black-box system identification approach is 
employed in this study.

Flow sensor

Ventilation blower

Controller board

Blower driver

Power supply

Serial monitor

Fig. 1. Experimental setup of VBS for system identification

The data acquisition system for system identification is shown in Figure 1, con-
sisting of a controller board, ventilation blower, flow sensor, blower driver, power 
supply, and serial monitor. The controller board regulates the blower’s rotational 
speed via a PWM signal sent to the driver. The airflow generated by the blower is 
measured using an SFM3300 flow sensor. This data is transmitted to the controller 
board via I2C communication and subsequently sent to a computer through a serial 
connection. To determine the transfer function of the driver-blower system, input 
signals are applied to the driver while measuring the corresponding output values. 
The input signal is the PWM bit signal ranging from 0 to 255, while the output signal 
is the airflow at the blower’s outlet, measured in ml/s. Two different input-output 
datasets are collected: one for system identification and another for validation. Both 
datasets are sampled at 500 Hz, with the input signal following a multi-step function 
comprising five voltage levels, each maintained for 3 s, as illustrated in Figure 2.
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Fig. 2. Estimation and validation data of the VBS
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Since the blower operates by adjusting the rotational speed of a brushless DC 
motor to generate airflow, the system’s order is expected to be either first or second 
order. System identification was performed using both first- and second-order trans-
fer functions, with the results shown in Figure 3. In this study, the Nash–Sutcliffe 
Efficiency (NSE) is employed to evaluate the goodness-of-fit between the identified 
model and the actual system response [41]. The reason for using NSE is that it is 
particularly suitable for assessing dynamic systems such as VBS, as it accounts for 
the entire time-series behavior rather than point-wise error alone [42]. Unlike other 
metrics, NSE provides a normalized, dimensionless metric that reflects how well the 
model predicts relative to the mean of observed data [43]. This allows for a more 
intuitive and robust comparison between first- and second-order models, making 
NSE a suitable choice. Therefore, the similarity between the estimated model output 
and the actual system response is evaluated using the NSE, given by the follow-
ing formula:

	 NSE
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where Ns is the number of samples; yk is the kth data point of the reference data-
set; ŷ

k
 is the kth data point of the experimental dataset; y is the mean value of the 

reference dataset. It is evident that the second-order transfer function demonstrated 
better accuracy, achieving a 92.77% fit with the actual data, compared to 89.96% for 
the first-order model.
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Fig. 3. Comparison of system response with first-order and second-order system estimation

Therefore, the transfer function of the VBS is approximated as a second-order 
transfer function, expressed as follows:

	 G s
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U s s s
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where Q(s) is the airflow output; U(s) is the control signal.
The second dataset is used to evaluate the suitability of the transfer function 

as Eq. (17) for different input signal levels. The calculated NSE value in this case 

https://online-journals.org/index.php/i-joe


iJOE | Vol. 21 No. 11 (2025)	 International Journal of Online and Biomedical Engineering (iJOE)	 141

Disturbance Observer-Based Sliding Mode Control for Ventilation Blower-Based Systems: Controller Design and Simulation

is 90.56%. Therefore, the transfer function shown in Eq. (20) can be utilized for 
designing the controller for the VBS. For an output representing air volume, the 
transfer function in Eq. (20) is rewritten in state-space form as shown in Eq. (1) with 
the matrices
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Fig. 4. The validation result of the second-order transfer function model using  
an independent dataset

Figure 4 presents the validation result of the second-order transfer function 
model using an independent dataset. The input signal comprises multiple step 
changes in control voltage, and the system’s airflow response is compared between 
the estimated model and the actual measured output. It can be seen that the esti-
mated model accurately replicates the system’s dynamic behavior across all input 
levels. The model captures both the transient response and steady-state values with 
high fidelity. Minor deviations are observed during the fast transitions, likely due 
to unmodeled nonlinearities or actuator saturation, but these discrepancies remain 
within acceptable margins. Therefore, the validated second-order model is well-
suited for subsequent controller design in the VBS.

3.2	 Simulation results

The proposed control algorithm is validated through computational simulation 
before being applied to the physical system. In this case study, the behavior of the 
VBS is simulated to mimic the periodic volume control process of blower-based ven-
tilators. A single cycle consists of two phases: the inspiratory and expiratory phases. 
The inspiratory phase lasts for Ti, while the expiratory one lasts for Te. During the 
pumping phase, the volume is controlled to follow a ramp profile, reaching a max-
imum tidal volume VT at the end of this phase. In the expiratory phase, the pump 
remains inactive, allowing passive air release over Te, before a new cycle begins. 
The parameter settings are chosen as: VT = 500 ml, Ti = 1 s, Te = 2 s, Ts = 0.002 s, 
l = 4.8, a = 0.99, b = 0.99, h = 0.0052, u0 = 255. The initial values of the state vector 
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and disturbance estimation are chosen as ˆ( ) , ( ) = = 
T

x d0 0 0 0 0 0 . The matrices 
Ad and Bd after the discretization process, are
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Case 1: VBS without disturbance
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Fig. 5. The response of the VBS in tracking a ramp reference air volume under disturbance-free conditions

Figure 5 shows the response of the VBS in tracking a ramp reference air volume 
under disturbance-free conditions. The system demonstrates accurate tracking during 
the second half of the cycle, indicating that the controller can stabilize airflow after 
initial transients. However, a significant tracking error occurs in the first half of the 
cycle, with a maximum deviation of approximately 47 ml. This discrepancy is primar-
ily due to motor inertia, which delays the rise in rotational speed required to produce 
airflow, and the limited range of control signals, which constrains the system’s ability 
to follow the reference immediately. Despite these initial limitations, the air volume 
output converges smoothly to the desired trajectory in the latter part of the cycle. This 
result suggests that the proposed controller ensures reliable steady-state tracking.
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Fig. 6. The time responses of the system’s internal state variables V  and V  for the VBS without  
any external disturbance
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Figure 6 depicts the time responses of the system’s internal state variables V  
and V  for the VBS without any external disturbance. The second state variable, V ,  
represents the airflow rate, which quantifies the rate of change of air volume over 
time and is measured in milliliters per second (ml/s). The third state variable, V , 
denotes the acceleration of airflow, corresponding to the rate of change of the air-
flow rate, and is expressed in milliliters per second squared (ml/s2). Both state vari-
ables remain well-bounded within safe limits throughout the operation, indicating 
that the closed-loop system maintains stable internal dynamics. During the active 
inspiratory phase, V  and V  exhibit only moderate transient fluctuations and quickly 
settle into a repeatable pattern with each subsequent cycle.
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Fig. 7. The control input signal applied to the VBS in the absence of disturbances

Figure 7 presents the control input signal applied to the VBS in the absence of 
disturbances. Throughout the breathing cycle, the control effort varies smoothly 
without any high-frequency chattering or abrupt changes. At the start of the inspi-
ratory cycle, the controller outputs a high command to accelerate airflow and track 
the ramp volume reference rapidly, then gradually reduces the input as the target 
volume approaches. During the expiratory cycle, the control signal returns to zero, 
reflecting the pump’s inactive period and allowing passive exhalation. The absence 
of oscillatory control action indicates a well-tuned sliding mode controller that meets 
the demand without inducing instability.

Fig. 8. The error dynamics of the VBS without disturbance
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Figure 8 illustrates the phase trajectory of the system’s error dynamics at the fifth 
cycle, where the system is assumed to have reached quasi-steady behavior [44], [45]. 
The plotted states include the tracking error e(k), its first derivative e k( ), and the 
second derivative e k( ). The trajectory exhibits a clear converging spiral toward 
the origin, showing that all components of the error dynamic tend toward zero. 
Specifically, the error amplitude reduces to below 5 ml, and the error derivative 
approaches near-zero within 0.2 seconds. These results demonstrate that the con-
trol laws defined in Eqs. (10) and (12) satisfy the Lyapunov stability condition, con-
firming that the sliding surface is attractive and invariant. Thus, the system exhibits 
asymptotic stability and convergence in higher-order dynamics, a key requirement 
for volume control in ventilation scenarios.

Case 2: VBS with external disturbance
In this case, ramp and square disturbances with random noise are considered, 

with the governing equation given by

	 d t
T
t

ramp

i

( ) , [ . ; . ],� � � � �
5

0 2 0 2
1 1
  	 (22)

	 d t
square

( ) , [ . ; . ],� � � � �10 0 5 0 5
2 2
  	 (23)

where  
1 2
,  are random noise terms following a normal distribution.

The controller parameters remain unchanged from Case 1, and the control per-
formance of the VBS in the presence of disturbances is illustrated in Figure 9 through 
Figure 13.
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Fig. 9. Comparison of air volume response between the system with and without DO for noisy ramp  
and square disturbance

Figure 9 compares the volume tracking performance of the VBS with and without 
the disturbance observer under two types of external disturbances: a noisy ramp 
and a noisy square wave. In the presence of the ramp disturbance, the system with-
out a disturbance observer exhibits a steady-state tracking error of up to 28 ml, and 
a visible lag in reaching the target volume. In contrast, the observer-based controller 
reduces this error to less than 5 ml, with much faster settling behavior. Similarly, 
under the square disturbance, the system without the observer shows large volume 
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deviations approximately to 25 ml immediately following each abrupt step. With the 
observer activated, these deviations are mitigated to within 4–6 ml, and the volume 
output more closely follows the reference trajectory. These results clearly demon-
strate that the disturbance observer enhances system robustness and tracking preci-
sion under both gradual and abrupt disturbances, validating its role in maintaining 
performance in uncertain environments.
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Fig. 10. V  and V  response of the VBS with noisy ramp and square disturbance

Figure 10 presents the responses of the internal state variables V  and V  for the 
VBS when subjected to the same noisy ramp and square disturbances. Despite the 
imposed perturbations, both V  and V  remain bounded and follow behavior similar 
to that in the disturbance-free scenario. The state trajectories experience only small 
oscillations due to the injected noise, and these fluctuations are limited in magnitude 
without any tendency to grow unbounded. Each state variable preserves a consistent 
periodic pattern through each cycle’s inspiratory and expiratory phases, indicating 
that the controller effectively manages the system’s internal dynamics even under 
disturbance conditions. The fact that V  and V  stay within acceptable limits confirms 
that the closed-loop system retains its stability and that the controller’s robustness.
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Notable differences appear in the control signal compared to the disturbance-free 
system. Specifically, in Figure 11, chattering occurs at the end of the inspiratory 
phase due to the presence of system noise. This phenomenon arises from the con-
troller’s attempt to counteract sudden variations in system behavior, which results 
in high-frequency oscillations in the control input. Nevertheless, the amplitude of 
these fluctuations remains within approximately one unit of u(k), corresponding to 
0.1 V. Aside from this minor jitter, the control input retains a largely smooth pro-
file throughout the cycle, reflecting the system’s overall resilience. The limited and 
low-amplitude nature of the chattering indicates that the disturbance observer 
effectively mitigates most of the noise impact, requiring only minimal corrective 
adjustments and thereby avoiding undue wear on the actuator.

b) Disturbance observer output with noisy square disturbance
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The estimation of the ramp and square disturbances is illustrated in Figure 12. 
The black solid line represents the actual disturbance value, while the red dashed 
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line corresponds to the estimated disturbance. The estimation error decreases rap-
idly in both cases and converges to zero within 0.1 seconds. The accuracy of the 
disturbance estimation is closely related to the parameters m and a. A smaller sam-
pling time improves the accuracy of the estimation, leading to better overall control 
performance. This accurate estimation is essential for feedforward compensation 
in the control loop, allowing the system to suppress the effect of unknown inputs in 
real time. The observer’s performance demonstrates effectiveness across continuous 
and discontinuous disturbance types, ensuring stable and precise volume control 
under uncertain operating conditions.
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Fig. 13. The error dynamics of the VBS in the presence of a noisy ramp and a square disturbance

Figure 13 illustrates the error dynamics of the VBS under the influence of both 
ramp and square disturbances, including the tracking error e(k), its first derivative e k( ),  
and the second derivative e k( ). As shown, all three error components generally trend 
toward zero, indicating that the system is capable of attenuating the impact of exter-
nal disturbances over time. Notably, while the position tracking error e(k) converges 
effectively toward zero by the end of each inspiratory phase, and small residual errors 
remain in e k( ) and e k( ). This behavior primarily results from the structure of the gain 
matrix c, which prioritizes the convergence of e(k) by assigning it a dominant gain 
term l2, while assigning relatively smaller gains to its derivatives. For volume-based 
ventilation systems, accurate regulation of the tidal volume VT is the principal con-
trol goal. Therefore, enforcing zero steady-state error in volume is critical, whereas 
allowing small steady-state values in derivative errors helps prevent excessive control 
effort and ensures smooth system response without compromising stability.

4	 CONCLUSIONS

In summary, this paper presents the novel DO-SMC, which was proposed for VBS 
to enhance volume control performance. The method integrates the robustness of 
SMC with the disturbance compensation capabilities of a disturbance observer, which 
ensures better tracking accuracy, reduced steady-state error, and improved stability. 
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Moreover, the proposed controller outperformed traditional control methods through 
extensive simulations, particularly in handling disturbances and model uncertain-
ties. The DO-SMC method demonstrated the ability to maintain precise pressure con-
trol even under challenging conditions, making it a promising solution for critical 
applications, where reliability and precision are of dramatic importance.

Future research on the DO-SMC method can build on this paper, conducting 
experiments in real-world conditions to validate its feasibility and reliability. Before 
large-scale deployment is also essential. Besides, the next workload can optimize the 
algorithm parameters to enhance performance and adaptability for more complex 
dynamic systems. Moreover, this method can incorporate artificial intelligence to 
improve its ability to auto-update the operation of this method in the real world.
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