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ABSTRACT

Accurate system identification is important role in the development of reliable control
approaches for automated respiratory devices. Nonetheless, conventional identification
approaches suffer from overfitting and sensitivity to noise. Therefore, in this paper, a novel
sparse autoregressive exogenous input identification scheme based on the least absolute
shrinkage and selection operator is proposed for the automated AMBU-bag resuscitator
(AABR). Specifically, it incorporates decoupled regularization terms for autoregressive and
input-related components, as well as enables robust parameter estimation without requiring
normalization of input data. The grey wolf optimizer (GWO) is used to optimize regulariza-
tion parameters by minimizing prediction errors on validation datasets. The experimental
data were obtained from a real AABR system with three excitation signals: cosine, parabolic,
and ramp, corresponding to smooth periodic, second-order polynomial, and linear profiles,
respectively. The smooth periodic profile dataset was used for training, while the others were
employed for validation. As a result, the proposed model achieved consistent prediction
accuracy, with the root mean square errors (RMSEs) of 0.177893, 0.195727, and 0.150998.
Conversely, the conventional recursive least squares (RLS) method exhibited severe overfitting,
with RMSE increasing from 0.009821 to 11.436522.
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1  INTRODUCTION

Automated respiratory support devices have gained significant importance
in contemporary healthcare infrastructure, especially for emergency ventilation
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and portable life support [1]. Automated AMBU-bag resuscitators (AABRS) [2] have
attracted significant interest in recent years as a cost-effective alternative to tradi-
tional mechanical ventilators for ventilatory support [3-4]. In AABR devices, the air
flow delivered to the patient is generated using a mechanical compression system
driven by an electromechanical actuator. The system’s dynamics are determined
by the combined effects of the actuator’s movement, air flow resistance, and the
lungs’ elastic properties [5]. Therefore, precise mathematical modeling of the ven-
tilatory system is required for controller design, trajectory tracking, and system
safety analysis.

Several system identification techniques have been widely used to obtain a
mathematical model for a dynamic system based on input/output measurements
obtained from a real system [6-9]. Among these techniques, linear parametric
models such as the autoregressive with exogenous input (ARX) model have been
commonly used due to their simplicity and suitability for discrete-time control
systems. The most commonly used parameter estimation techniques for system
identification based on the ARX model include least squares (LS) and recursive
least squares (RLS). These techniques have been widely used in various fields for
system identification in engineering systems [10-11]. However, in the case of elec-
tromechanical ventilation systems, it has been observed that these techniques may
lead to overfitting and be sensitive to measurement noise when redundant regres-
sors are present in the model. Dong et al. (2025) [12] demonstrated that LS/RLS
methods in ARX models are prone to overfitting when the number of regressor
is large and are highly sensitive to measurement noise. Chen and Li (2025) [13]
showed that conventional LS/RLS methods in ARX identification are vulnerable to
noise and redundant regressors, making RLS unstable and biased in complex elec-
tromechanical systems. This clearly illustrates the limitations of RLS in complex
electromechanical systems.

In order to alleviate these problems, sparse regression methods have been
increasingly studied in system identification research. Among them, the most popu-
lar method is the least absolute shrinkage and selection operator (LASSO), in which
an £ -norm regularization term is added to the objective function to realize sparse
solutions for system identification problems [14]. Many studies have shown the
effectiveness of sparse system identification in control systems, signal processing,
and machine learning [15-16]. Although sparse system identification methods have
shown their superiority in system identification problems, the performance of
LASSO is heavily affected by the choice of regularization parameters. In particular,
Gillariose et al. (2025) [17] emphasized that while LASSO provides effective sparse
solutions, it suffers from key drawbacks. Its performance strongly depends on the
choice of regularization parameters, often leading to bias and instability when pre-
dictors are highly correlated. Moreover, parameter selection via cross-validation
increases computational cost, limiting its applicability in complex systems. Indeed,
in most existing studies, the parameters are manually set or chosen through
cross-validation methods, which can lead to suboptimal solutions and increased
computational cost.

Recently, a novel application of metaheuristic optimization algorithms has been
proposed as a promising approach to automatically optimize hyperparameters in
machine learning and system identification problems [18]. Some optimization algo-
rithms, such as particle swarm optimization (PSO), genetic algorithms (GA), and grey
wolf optimizer (GWO), have been successfully implemented in solving optimization
problems for model parameters in complex search spaces [19]. Among these
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optimization techniques, GWO has received significant attention due to its simplic-
ity, strong global search capability, and rapid convergence. Pham and Nguyen [20]
applied GWO combined with ANN to optimize HVAC system operations, demon-
strating improved energy efficiency. Nonetheless, the application of metaheuristic
optimization algorithms in conjunction with sparse identification in automated
ventilation system modeling is still in its infancy. Nevertheless, there are still some
important research gaps in the field of sparse system identification. First, most stud-
ies have been performed for generic control systems or signal processing problems,
whereas the AABR system is rarely studied using sparse identification approaches.
Secondly, the majority of traditional identification methods based on LASSO depend
on the normalized data and set a single regularization parameter for all coefficients
of the system. Such penalty results in unbalanced shrinkage effect when applying it
to the raw physical system. In control system, the scale and physical unit of the exog-
enous input is greatly different from the one of the observed output and applying
a single penalty on the un-normalized data lead to extremely unbalanced shrink-
age effect as coefficients related to small scale variables be largely shrunk while
other variables are less sparsely penalized. Researchers then usually normalize the
data before estimation, but normalization can alter the physical scale of the system
and the resulting model is not directly physically interpreted. Lastly, there is a lack
of experimental verification of sparse system identification algorithms applied to
ventilators with various excitation inputs.

To address these limitations, this paper proposes a LASSO-based ARX identifica-
tion framework for modeling an AABR system. The proposed approach uses decou-
pled regularization parameters for the autoregressive and exogenous input terms.
This allows for effective sparse estimation without the need for data normalization.
The GWO is used for the optimization of the hyperparameters by minimizing the
prediction errors for the validation data. The proposed approach is experimen-
tally tested using a physical AABR system with different excitation signals, which
comprise cosine, parabolic, and ramp. The main contributions of this work can be
summarized as follows:

e Development of a LASSO-based ARX identification framework for modeling
AABR systems.

e Automatic hyperparameters tuning using the GWO method to improve identifi-
cation performance.

e Introduction of decoupled input—output regularization terms to enable robust
estimation with unnormalized experimental data.

e Experimental validation on a real AABR platform using multiple excitation
trajectories.

2 METHODOLOGY
2.1 Problem formulation

In a standard autoregressive moving average (ARMA) structure, the autoregres-
sive component links the current system state directly to its past outputs. Meanwhile,
the moving average component represents the effects of past random disturbances
or system noise. As a specific extension of this concept, the ARX model integrates
external control actions. It mathematically describes the linear relationship between
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the current system output and past input-output signals. The scalar representation
of the ARX model is given by:

Y =>"a yk= 0+ bulk = ) +e(k), (1)
i=1 j=1

where n e N* and m e N* are the orders of the autoregressive (AR) and exogenous
input (X) parts, respectively; y(k) € R and y(k — i) € R are the measured outputs of the
model at time instants k and k — i; u(k — j) € R represents the control input at time
instant k — J; al.*,b% e R are the coefficients of the autoregressive part and exogenous
input parts, respectively; and (k)~MO0, ¢%) denotes white noise with zero mean.

In practice, the true orders and coefficients of the model (1) are generally
unknown. Therefore, a prediction model is constructed to estimate the system output
using historical input-output data. The parameters of this model are estimated using
the LASSO method to mitigate overfitting and improve robustness in the presence of
noise. The prediction model is expressed as:

$0)=>"ayk -0+ bulk-)), 2)
i=1 j=1

where ¢ eR and ZSJ. e R are the estimated coefficients of g, and b, respectively;
n* e N* and m* e N* are the estimated orders of the autoregressive part and the exog-
enous input part, respectively and n* > m*; y(k) is the estimated output at the time k.

For compact representation, the parameter vectors and regressor vectors are
defined as:

d::[al a, - dn*]TeRn*, 3)
b=[b b, - BmTeRm*, @)
XK =[yk) yk-1 - yk-n"+D]eR™, (5)
9K =[uk) utk-1) - ulk-m" +D]eR> ", (6)

From Egs. (3)-(6), the prediction model in (2) can be reformulated into a com-
pact linear regression form, which serves as the basis for the subsequent sparse
estimation procedure:

(k) = x(k - Da + 9(k - Db. )

Considering N observed samples, the stacked regression matrices X and U are
defined as:

- x(n")
X = x(n* +1)
x(N -1)
T x (8)
yn)  yn -1 - y(@)
[yt oy e Y@ | pocer
| YIN-1) Y(N-2) - yWN-n")
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an"
U9+
| 9N -1)
| u(n*) u(n* 1) - u(n* -m'+ 1) 9)
_ u(n* +1) U(n*) Ll(n* - m* +2) e RW-n")»xm”
| uN-1) wN-2) -  ulN-m")

Consequently, the predicted output vector Y for the entire dataset is refor-
mulated as:

Y - Xa + Ub, (10)

where ¥ =[9(n" +1) (" +2) - PN)eR¥". Similarly, the actual output
vector is likewise defined as Y =[ y(n* +1) y(n* +2) - Y(N)eRNT,

2.2 Model coefficients estimation with LASSO regularization

In this study, the parameter estimation is formulated using a LASSO-based
objective function that combines the residual sum of squares (RSS) with £ -norm
regularization:

b

J(@,b, ,Ab)zl”y—xd—uiy“z vl +2, (11)
@ 2 L

)
1
J VA Ty

r

where 4, > 0 and 4, > 0 are positive regularization terms governing the sparsity
imposed on the model coefficients. 7 encapsulates the RSS and enforces the least-
squares regression criterion, while the £ -regularization terms J, and J, promote
sparsity in the estimated parameters.

By invoking the extreme value theorem to perform coordinate-wise minimization
of the LASSO objective function, one arrives at the following first-order optimality

conditions:
0 0
87 _99, 99, (12)
oa o aa
0 0
07 _9J, 99, (13)
6b}. 6b]. 6b}.

By decomposing the residual to isolate the specific term a, and l;]., the partial
derivatives of 7 are expressed as:

0 N
8? =-X(D'(Y-Xa-Ub + X(:,i)dl.) + X0, X(,Da, (14)

i

International Journal of Online and Biomedical Engineering (iJOF) 1JOE | Vol. 22 No. 10 (2026)


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

LASSO-Based Identification of Sparse Autoregressive Exogenous Input Model Coefficients: Application to Automated AMBU-Bag Resuscitator System

Z‘;r =-UC, )" (Y - Xa-Ub+UC, )b)+UC, ' UG, b, (15)

J

Taking partial derivative of the weighted £ -regularization terms, one can

obtain that
0J O (A
L =2 —lal), 16
6al. “oa (al ) (16)
Kl n
i:zbi(b.). a7)
ob, ob, !

Since the function f(x) = |x| is non-differentiable at x = 0, its gradient is undefined
in the classical sense. By employing the concept of subdifferential calculus, the
coordinate-wise partial derivatives of the weighted £ -regularization terms can be
formally expressed as:

-2, ifa <0,

b (@)= {1-2,2,) ifd =0, (18)
! A, ifa >0,
-4, ifl3j <0,

A 62(‘5}_‘)= A,4] D=0 (19)
! 2, ifb,>0.

These formulations rigorously enforce sparsity within the LASSO framework by
enabling the estimated coefficients @ and 5}. to be driven exactly to zero whenever
their corresponding gradient values reside within the subdifferential interval at
the origin.

By substituting Egs. (14)-(17) into Egs. (12)-(13), and subsequently setting the
resulting expressions to zero, one can obtain:

a
t

~X(, )7 (¥ - Xa-Ub + X(,)d) + XC,0V XC,04, + 4, %( )=0, (20)
UG, ) (¥ - Xa-Ub+UC, )b)+UC, )T UC, b, + 2, %(‘B}.‘) -0. 21)
J

Solving equations (20) and (21) respectively for di and l;i, one obtains the update
rules for the model coefficients:

7, (-1, afzi ()

G—— (22)
. yb(j)_/lb%(‘éf‘)

b = — , (23)
J B,(})
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where
y ()2 XG0T (Y - Xa-Ub+ X(,Dd), (24)
7,(D2UC, ) (¥ - Xa-Ub+ UG, j)b), (25)
ROED. (@hip. (i) (26)
B,(N=TC,NTUC, ). (27)

Using Egs. (18)-(19), the closed-form parameter update laws given in (22) and
(23) can be explicitly reformulated into the following piecewise-defined expressions:

,O+4,
W ify <-4,
a= 0 if-4,<y,0O<A, (28)
r,O-4, .
W fyd>2,
D+, .
b7 T .
I G
b= 0 if-A4,<y,(N<A, (29)
(D=4 ..
- 2.
s; InUA

By introducing the soft-thresholding operator S(a, b), a nonlinear shrinkage
function widely employed in sparse estimation, for nonnegative arguments a, b > 0,
and defined explicitly as

S(a,b) = sign(@max(ja| - b,0) (30)

one can reformulate the coordinate-wise update equations (28) and (29) into a
compact and computationally elegant representation. Specifically, the estimated
model coefficients take the form:

S, 0,4,

q 31

q 0] (€2)

b = M (32)
J B,(J)

The procedural workflow for ARX model identification leveraging the LASSO
regularization framework in conjunction with the coordinate descent optimization
algorithm is systematically summarized and presented in Algorithm 1 in the form of
a pseudo-code representation.
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Algorithm 1: ARX Model Identification using LASSO and Coordinate Descent Algorithms

Step 1. Acquire the input-output data sequences y(k) and u(k) for k=1, 2, ..., N, and specify the
convergence tolerance 6.
Step 2. Specify the maximum candidate orders n* and m* the regularization parameters A, and A,
the threshold 6. Randomly assign initial values to the model coefficients.
Step 3. While |’ a7 | or|b’-b | >o:
At each position : )
Step 3.1. Calculate (1), %), B,(0), B,()) for each individual coordinate using (24)-(27);
Step 3.2. Update the AR coefficients di and the X coefficients b], according to Eqs. (31), (32);
Step 4. Finish the process.

The convergence tolerance d serves as a critical hyperparameter in the coordi-
nate descent algorithm, dictating the fundamental trade-off between estimation
accuracy and computational complexity. As defined in Step 4, the stopping criterion
evaluates the infinity norm £_ of the coefficient updates, ensuring the algorithm
only terminates when the maximum absolute change across all parameters is
strictly bounded by é. Selecting an excessively large d induces premature conver-
gence, halting the optimization before the AR and exogenous dynamics are fully
captured. Conversely, a strictly infinitesimal § dramatically amplifies the computa-
tional burden and may trap the algorithm in an endless loop due to floating-point
precision limits or inherent measurement noise. Following the standard algorithmic
configurations widely adopted in regularized machine learning libraries (e.g., the
default tolerance in GLMNET [21]), the threshold in this study was empirically set
to 6=10"

2.3  Grey wolf optimizer for regularization terms selection

In practical scenarios, discrepancies in the physical units of measurement
between the input and output variables inherently lead to differences in their
numerical ranges. Such disparities can significantly influence the performance and
convergence behavior of the algorithm, particularly if the regularization parameters
A, and A, are chosen without appropriate scaling. Therefore, this study employs the
GWO algorithm to determine the optimal values of 4, and 4, that minimize the
LASSO loss function.

The GWO algorithm solves the optimization problem that satisfies the condition:

A" = argminJ(1), (33)

Ae¥

where 12 [/1: l: ]e R* denotes the optimal parameter vector; ¥ = {(/la,/lb) eR?|
0<2, <240<2, <At }; A*and A! are the upper bounds of the hyperparameters.

The GWO algorithm is inspired by the pack hunting behavior of a popula-
tion of grey wolves consisting of P individuals, where each individual is indexed
by p € {1, 2, ..., P}. These individuals represent a set of candidate design solutions
AP(W)2[AP(V) AP(V)]e R at iteration v. Among them, three leading individuals,
referred to as the alpha wolf, beta wolf, and delta wolf, have position vectors denoted
by A4v), AAv), and A%v), respectively, with corresponding objective function values
JAAW)), JAV)) and J(A%v)). These three individuals represent the best solutions
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found within the population at each iteration and are characterized by the following
inequality:

TJAWN<TA*W) < TA W) << T(AP (V)
A% (V)= AN(Vv)
AP (V)= 2%(Vv)
A(v)=23(v)

(34)

Arranging the set of vectors AP(v) row-wise forms the population position
matrix A(v):

AtV)
12

Aw=| ¥ |cree, (35)
AP (V)

The three leading individuals govern the movement of the entire population
during the search for the optimal solution. The remaining individuals update their
search positions according to an encircling strategy based on the positions of the
three leaders.

The estimated search positions of the entire population at iteration v, when
guided by the alpha wolf, are characterized by the distance matrix D (v) and the
position matrix A (v):

D, (v)=|C,OA“ (V) - AW)| e R*?, (36)
A, W)=22(v)~ A, (VOD, (v) e R™2, (37)
where
AWV)=2aRV)-a-1,,e R, (38)
C,(v) = 2R,(v) € R, (39)

The coefficient a decreases linearly from 2 to O over successive iterations;
1,, denotes a P x 2 matrix with all elements equal to one, and R (v), R,(v)
e RP2~Uniform(0, 1) are matrices containing random coefficients within the interval
[0,1]. Similarly, the estimated position matrices of the population when guided by
the beta and delta individuals are defined as follows:

D, (v)=|C,)OL! (V) - AW)| e R, (40)
A2(V) =A%) - AZ(V)OD/i V) e RP2, (41)
D,(v)=|C, (MO’ (1) - A(V)| e R, (42)
A, =21 - A,VOD,(v) e RP?, (43)

The values of A,(v), A,(v), C,(v), and C,(v) are determined in the same manner as
A,(v) and C,(v). Due to this randomness, the population continuously explores new
extrema during the convergence process guided by the three leading individuals.
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The actual position vector of the entire population at iteration v is obtained as the
average of A, (v), A,(v) and A,(v).

AW) = %[Al(v) +A, M)+ A, (W] e R, (44)

After updating the positions, the entire population evaluates the new objec-
tive function values and subsequently updates the positions of the three leading
individuals. The algorithm proceeds according to the pseudocode presented in
Algorithm 2.

Algorithm 2: GWO Algorithm for Regularization Terms Selection

Step 1. Initialize P, the maximum number of iterations v, the search bounds A and AL setv=0.
Step 2. Randomly initialize A(0), evaluate [7(AP(0)) for each invidual, and select A%0), A%0), A%0).
Step 3. While Av) - Av-1)< 6:

Step 3.1. Updatea = 2[1 - LJ

Step 3.2. Generate random matrices A, A, A,,C, C,, C,.

Step 3.3. Update the population positions according to Eqs. (36)—(44).
Step 3.4. Re-evaluate the objective function and update A% A4, 2°.
Step 3.5. Setv=v+1.

Step 4. Return A«

3  RESULTS AND DISCUSSION

The data acquisition system is illustrated in Figure 1. The gear-driven gripper
mechanism compresses the AMBU bag using a DC motor, which is driven by a con-
trol circuit based on the Arduino DUE board with a fixed sampling period of 1 ms.
The controller generates PWM signals to regulate the motor motion and thus control
the airflow delivered to the respiratory system. The air from the ventilator is con-
nected to a Michigan Instrument training test lung (TTL) module. The TTL module
is used to simulate the mechanical properties of the human lungs. In the TTL mod-
ule, a compliance spring is used to simulate the lung compliance, while a resistance
adapter is connected in the breathing circuit to simulate the airway resistance. In
this setup, the airway resistance and lung compliance were set to 5 cmH,0/1/s and
50 ml/cmH,0, respectively. An exhaust valve is incorporated to release air into the
environment during exhalation. To collect the dataset for the identification algo-
rithm, the gripper angle was controlled to move from the zero position to an angle
of 20 degrees within 1.5 s, following three trajectories: a cosine function, a parabolic
function, and a ramp function, referred to as a smooth periodic profile, a second-or-
der polynomial profile, and a linear profile, respectively. The gripper then returned
to 0 degrees, and the process was repeated for six cycles. The tidal volume flowing
into and out of the TTL module was recorded using the Sensirion SFM3300 airflow
sensor. Therefore, the input and output of the control system are the PWM duty
cycle and the tidal volume, respectively. The smooth periodic profile dataset was
used for model identification, while the other two datasets were used to validate the
estimated model.
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< bV -«
Control circuit @

Fig. 1. Data acquisition system setup

The transfer function of the AABR system can be expressed as G(s) = K/(s*+p,S+p,)
in the continuous-time domain [22]. Under discretization using a zero-order hold
(ZOH), the ARX model of G(s) has orders n=2 and m=2. Therefore, n* = m* =2 will be
selected as the regression orders for the input and output of the prediction model. Let
RMSE () denote the RMSE evaluated on the second-order polynomial profile dataset.

* .
The GWO optimization problem is then formulated as 4 =argminRMSE (1)

re¥
The estimated parameters corresponding to each candidate point (4, 4,) are
computed using the smooth periodic profile dataset. The search space of the GWO

algorithm is bounded by ¥ = {(2,,4,) e R?|0.002< 4, < 2,0.002< 2, < 2}.
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Fig. 2. (Continued)
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Fig. 2. Convergence and search behavior of GWO

The optimization performance and search behavior of the GWO in tuning the
regularization parameters are comprehensively evaluated in Figure 2. To ascertain
the algorithm’s robustness, the cost function’s convergence trajectory was initially
investigated across varying population sizes, as depicted in Figure 2a. Notably, the
algorithm demonstrates exceptional computational efficiency; even with a remark-
ably diminutive swarm size of P = 5, the objective function successfully escapes
initial fluctuations and sharply converges to the global minimum within merely
20 iterations. This rapid stabilization underscores the viability of the proposed
approach for practical system identification tasks where minimizing computational
overhead is critical.

Consequently, subsequent behavioral analyses were conducted utilizing the
highly efficient configuration of P = 5. Figure 2b illustrates the convergence profiles
of the hyperparameters. While 4, exhibits pronounced early-stage oscillations, sug-
gesting a broader global search requirement for the moving average terms, both
parameters seamlessly lock into their optimal configuration once the steady state is
achieved. Ultimately, the GWO algorithm converged to an optimal parameter set of
A,=0.002 and 4, = 0.002, yielding a minimized loss function of 0.192207 ml on the
second-order polynomial profile dataset.

The underlying mechanics driving this robust convergence are further eluci-
dated by examining the algorithmic phase transitions. As evidenced by Figure 2d,
the optimization process undergoes a clear paradigm shift. During the initial phase,
exploration strongly dominates, empowering the wolf pack to extensively scan the
parameter space and evade local optima. Subsequently, around the 10th iteration,
a critical crossover occurs where exploitation aggressively takes precedence. This
intensive local fine-tuning phase is visually corroborated by the polar coordinate
representation in Figure 2¢, which reveals a rapid contraction of the swarm’s search
radius toward the origin, definitively confirming the precise and stable localization
of the optimal hyperparameters.
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Fig. 3. Estimated output from the LASSO and RLS algorithm with three datasets

Table 1. Performance comparison of LASSO and RLS with different datasets

Dataset
Smooth periodic profile (train) 0.177893 0.157929 0.009821 0.006356
Second-order polynomial profile (validate) 0.195727 0.160596 11.436522 3.886867
Linear profile (validate) 0.150998 0.139875 0.021425 0.014557
Average 0.174872 0.1528 3.822590 1.302593

To comprehensively evaluate its performance and advantages, the proposed
LASSO algorithm is compared against the conventional RLS algorithm, with the
results depicted in Figure 3 and Table 1. Both algorithms were executed on three
different datasets, and the accuracy of the estimated models was measured by using
the RMSE and mean absolute error (MAE) criteria. Figure 3 shows graphical repre-
sentations of the predicted outputs of both algorithms, LASSO and RLS, alongside
the actual ground truth for the smooth periodic, second-order polynomial, and
linear profiles. Here, the blue line represents the training dataset, and the other lines
represent the validation datasets.

It is obvious that the predicted outputs of the LASSO model are successful in cap-
turing the transient trends of the ground truth for all the datasets. This strong track-
ing capability of the LASSO model with the predicted output validates the exceptional
generalization capability of the LASSO-based predictive model for the control system,
eliminating the occurrence of overfitting phenomena altogether. On the contrary,
though the predicted output of the RLS algorithm tries to track the actual data tra-
jectory, the occurrence of severe overfitting in the case of the second-order polyno-
mial profile data leads to a significant deviation in the prediction, especially during
the initial 0.6 seconds, as validated in the metrics obtained in Table 1. On average
across the three datasets, the LASSO algorithm produces an outstandingly low aver-
age value for the RMSE of 0.174872 ml and an MAE value as low as 0.1528 ml. On
the contrary, the RLS algorithm produces much inferior values for the RMSE and
MAE values, which shoot up to an average value of 3.822590 ml and an MAE value
of 1.302593 ml, respectively. In general, even though the RLS algorithm produces
much lower values for the prediction errors in comparison to LASSO for the smooth
periodic and linear profile datasets, it suffers from severe overfitting. This is because
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the RLS algorithm is fitting too much to the noise and disturbances present in the
datasets and is unable to capture the underlying dynamics of the system. This is also
due to the severe fluctuations in the values for the RMSE and MAE values for the RLS
algorithm across the datasets. For example, the value for the RMSE shoots up drasti-
cally from a mere 0.0098 for the RLS algorithm in the training set to a value as high
as 11.4365 for the second-order polynomial profile validation set. In a stark contrast
to the above, the LASSO algorithm shows exemplary stability and robustness with
highly consistent error margins, with the value of the RMSE being closely bounded
between the range of 0.15 and 0.19 for all the datasets, whether seen.
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Fig. 4. Coefficients evolution of the LASSO and RLS algorithm

For a more detailed understanding of the underlying mechanisms that lead to
such a performance gap between the two estimators, Figure 4 shows a plot of the
evolution of the estimated coefficients obtained by both identification methods. It is
clear from Figure 4a that a smooth convergence profile is obtained by the LASSO-
based method for the estimated coefficients. The coefficients converge smoothly and
steadily to their steady-state values and then plateau after about 30 optimization iter-
ations without any significant oscillations in between. This smooth convergence pro-
file may be due to the regularization effect that is incorporated by the LASSO method
by using the £, penalty term in the cost function formulation. On the other hand,
Figure 4b shows a plot of the estimated coefficients obtained by the RLS algorithm.
It is clear that significant oscillations exist in the estimated coefficients obtained by
this method due to the presence of some transient spikes in between, especially
around the 0.5-0.6 s interval. Such variations indicate that the RLS estimator is more
sensitive to measurement noise and short-term disturbances. Since the standard
RLS formulation lacks an explicit regularization mechanism, the algorithm continu-
ously adjusts its coefficients in response to instantaneous variations in the data. As
a result, the estimated parameters may deviate from the underlying control system
dynamics, which can lead to degraded prediction accuracy. In contrast, the LASSO-
based method provides more stable parameter estimates and better captures the
dominant dynamics of the control system.
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To investigate the system dynamics’ sensitivity to the regularization hyperparam-
eters, the coefficient shrinkage paths and their corresponding impacts on prediction
accuracy were analyzed independently. Figure 5 illustrates the evolution of the autore-
gressive parameters a, and the resulting RMSE of the training process as 4, is swept
from 0.002 to 40,000 on a logarithmic scale, with 4, held constant at 0.002. As the
penalty increases, higher-order terms are swiftly compressed to zero, successfully iso-
lating the dominant first- and second-order inertia of the AABR actuation mechanism.
However, the RMSE degrades monotonically along this path. This strictly ascending
error trend indicates that the physical system relies heavily on its autoregressive
properties. Penalizing the AR coefficients too aggressively forces the model to ignore
the inherent mechanical momentum, immediately sacrificing prediction fidelity.

x 10
2 0.018
— 0,
15 — b, |1 0.0175
b,
1t — b, | 0.017
—
05 1 0.0165 F
a
=
0t 0.016 |
-05 1 0.0155
-1 1 0.015
-15 : : : : : 0.0145 : '
0 50 100 150 200 250 300 0 100 200 300

A

B

A

B

Fig. 6. Regularization path of exogenous input coefficients when 4, = 0.002, 4, € [0.002; 300]
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A distinctly different and important phenomenon is noted in relation to
the exogenous input coefficients in Figure 6. When 4, increases, the redundant
higher-order input parameters are again eliminated. Yet, it is noted that instead
of a deterioration in the RMSE values, a distinct global minimum in the error val-
ues is observed at A4, values around 25, and then increases again. This U-shaped
error curve essentially represents a bias-variance trade-off in system identifica-
tion problems. When low values of 4, are imposed as a penalty term, it is noted
that the model is overfitting the high-frequency variations and noise in the input
PWM signal. Conversely, when a moderate value of 4, penalty is imposed in the
model, it essentially filters out this noise-fitting effect and leads to a minimum in
the validation error values.

4  CONCLUSION

With the integration of LASSO and GWO for the automated tuning of hyperpa-
rameters, the system identification problem has been successfully addressed. The
effectiveness of the proposed solution has been verified by experimental evaluations
that clearly demonstrated the decisive superiority of the proposed solution com-
pared with the traditional RLS-based solution. The traditional RLS solution exhibited
aggressive memory effects and locally noisy behavior, as reflected by the erratic
variation in parameters and the significant problem of overfitting for the validation
data sets. Specifically, where the RMSE shot up to 11.43 ml, the proposed solution has
been effective in filtering out the disturbances. The smooth convergence of parame-
ters and the tight bounds of the prediction errors from 0.15 to 0.19 ml for completely
different sets of breathing trajectories are also significant. Moreover, the proposed
solution has been effective in providing physical insights into the system behavior.
Notably, the analysis of the regularized path has typically effectively illustrated the
role of the optimal solution in suppressing high-frequency input noise while retain-
ing the actuator’s inherent momentum. Despite these specifically theoretical and
experimental results, the current methodology is based on offline data collection,
which was validated using static simulated lung conditions with fixed compliance
and airway resistance values. However, in real-world clinical conditions, human
respiratory mechanics are nonlinear.

In future work, the focus of the subsequent studies is on the implementation of
the closed-loop control strategy, while the extremely stable, time-invariant nominal
model obtained from the current LASSO framework is the perfect starting point for
the design of sophisticated trajectory-tracking controllers, such as Iterative Learning
Control. Subsequent studies on the ventilator’s performance are expected to be
conducted on the physical device, while the nonlinear time-varying lung mechanics
are taken into account, in order to ensure the mechanical robustness as well as the
patient’s safety.
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