Sparse nonlinear identification for control-oriented modeling of an Organic Rankine Cycle
system

Andres Hernandez®*, Fredy Ruiz®, Vincent Lemort®

“University of Liege, Thermodynamics laboratory, Campus du Sart Tilman B49, 4000 Liege, Belgium.
bDipartimento di Elettronica, Informazione e Bioingegneria, Politecnico di Milano, Milan, Italy

Abstract

Accurate low-order models are essential for control and optimization of thermodynamic energy systems, yet the nonlinear and time-
varying behavior of Organic Rankine Cycle (ORC) units poses a challenge for standard linear identification. This paper presents
a convex sparse identification framework for nonlinear system modeling, employing a set-membership formulation to obtain com-
pact, interpretable models with guaranteed prediction bounds. The method automatically selects the most relevant polynomial
interactions from large basis functions candidates, balancing accuracy and complexity without relying on noise statistics. Exper-
imental validation on an 11 kW, ORC test bench demonstrates excellent prediction accuracy (FIT = 88.1%) with only 46 active
basis functions, outperforming linear, piecewise-linear, and multiple-model Bayesian benchmarks. The identified model preserves
physical interpretability through bilinear terms representing heat—flow coupling, and its compact structure is suitable for real-time

model predictive control implementation.
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1. INTRODUCTION

Climate change and the push for sustainability are driving
manufacturers to seek more energy-efficient processes and re-
duce waste heat in vehicles and industrial systems. Waste heat
recovery organic Rankine cycle (WHR-ORC) systems have
emerged as a promising solution for converting low-grade heat
into useful power. However, deploying these systems efficiently
and cost-effectively remains a challenge, primarily due to the
nonlinear and time-varying dynamics that arises under fluctuat-
ing operating conditions [1].

The performance of WHR-ORC systems depends on several
factors, including the cycle configuration [2], working fluid se-
lection [3, 4], transient response [5, 6], and particularly, the de-
sign of effective control strategies. Dynamic modeling plays a
central role in enabling model-based control, which has been
shown to improve operational efficiency and robustness during
transients [7, 8]. A comprehensive review of dynamic model-
ing and control strategies for WHR-ORC systems is provided
in [9].

Model Predictive Control (MPC) is one of the most promis-
ing approaches for WHR-ORC systems due to its ability to han-
dle multivariable dynamics and operating constraints [10, 11].
The success of MPC, however, strongly depends on the avail-
ability of a reliable model that captures the system’s key dy-
namics.

Recent advances have also demonstrated data-driven predic-
tive control frameworks with formal stability and robustness
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guarantees [12], while adaptive MPC strategies continue to
evolve for nonlinear and uncertain systems [13].

While physics-based models such as finite volume or mov-
ing boundary methods are well-established [14, 15], they are
often too complex for real-time control applications. Hybrid
approaches that combine mechanistic models with state estima-
tors (e.g., EKF) have also been explored for MPC implementa-
tion [16].

In parallel, data-driven modeling has gained traction as a
means to simplify model development while maintaining ac-
curacy. Recent studies have leveraged machine learning and
adaptive methods for ORC modeling and control. For ex-
ample, [17] used neural networks to model thermodynamic
properties for optimization, while [18] proposed a model-free
adaptive control (MFAC) method. Additionally, [19] devel-
oped a data-driven strategy for superheating control. More
recently, recurrent neural networks (RNNs) have been used
in predictive control frameworks to improve modeling accu-
racy by incorporating structured linear transfer components
[20]. Koopman operator-based approaches have also been
applied to derive reduced-order models suitable for real-time
MPC of WHR-ORC systems [21]. Furthermore, quasi-linear
parameter-varying (QLPV) models have been developed using
input—output data and Koopman-inspired techniques to support
adaptive control across varying operating conditions [22]. Re-
lated learning-based MPC strategies have also been proposed,
including nonlinear sparse variational Bayesian approaches for
temperature control [23]. These contributions collectively high-
light the increasing role of data-driven and operator-theoretic
approaches in advancing ORC system performance.

An emerging direction in data-driven modeling is the use of
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sparse optimization techniques to derive compact, interpretable
nonlinear models. Parametric identification from experimen-
tal data aims to estimate both the model structure and its pa-
rameters simultaneously [24]. Structural identification seeks to
select a subset of parameters that provide a parsimonious yet in-
formative representation of the system, facilitating control de-
sign [25]. Regularization techniques such as LASSO [26] and
Elastic Net [27] enable sparse model discovery by penalizing
unnecessary terms, yielding models that generalize better and
are more interpretable. Recent extensions and evaluations of
sparse system identification methods on nonlinear benchmarks
[28] have further highlighted both the potential and the chal-
lenges of achieving robustness in data-driven models.

This concept was applied in a simulation study for ORC sys-
tems in [29], where sparse polynomial models were identified
using open-loop data. However, a key limitation of that work
was its sensitivity to correlated noise, which can introduce es-
timation bias and limit applicability in real-world systems. The
present work addresses these limitations by introducing an au-
tomatic tuning strategy and a complexity-driven model selec-
tion procedure within a set-membership formulation, which en-
ables identification from closed-loop experimental data.

In this paper, we apply the proposed sparse nonlinear iden-
tification framework to model the superheating dynamics of a
WHR-ORC system using experimental data. The key idea is
to approximate the nonlinear dynamics using a limited number
of basis functions selected from a larger candidate set, thereby
balancing prediction accuracy and model complexity. The pro-
posed approach employs a set-membership formulation, as in
[25], to enforce a predefined prediction error bound, and lever-
ages convex optimization to identify a sparse set of model co-
efficients. A similar strategy has been successfully applied for
controller design and filtering tasks, as shown in [30, 31]. One
of the main advantages of the method of sparse identification
based on set-membership is that it does not require prior as-
sumptions about the noise distribution and can be applied to
both open-loop and closed-loop datasets.

To the best of our knowledge, this is the first application of
sparse nonlinear identification to WHR-ORC systems that in-
cludes experimental validation. The proposed model is eval-
uated on a small-scale 11 kW, ORC power unit and bench-
marked against established data-driven approaches, including
linear modeling (LM), piecewise linear (PWL), and multiple-
model Bayesian (MMB) models.

The remainder of the paper is structured as follows: Section 2
introduces the experimental ORC setup and highlights the sys-
tem’s key dynamic characteristics. Section 3 presents the pro-
posed sparse identification methodology. Section 4 provides ex-
perimental validation and a comparative analysis of data-driven
models. Section 5 summarizes the findings and outlines direc-
tions for future work.

2. Process description

This section outlines the architecture and key characteristics
of the organic Rankine cycle (ORC) system used to evaluate

the performance of the proposed modeling and identification
strategies.

2.1. The Organic Rankine Cycle system

The ORC power unit analyzed in this study is a subcritical
11 kW, system designed for stationary low-temperature waste
heat recovery, as shown in Fig. 1. It operates on a regenerative
cycle using R245fa as the working fluid. The unit includes a
twin-screw expander with a nominal electrical power output of
11kW.

Figure 1: ORC test rig.

A schematic layout of the ORC system is shown in Fig. 2.
Starting from the bottom of the diagram, the liquid receiver (b)
collects the saturated liquid leaving the condenser (a). From
the receiver, the fluid is pumped (c) through the cold side of
the regenerator (d) and then into the evaporator (e), where it
is heated to a superheated vapor. The vapor then expands in
the volumetric expander (f), after which it passes through the
hot side of the regenerator before returning to the condenser,
completing the thermodynamic cycle.

For optimal operation of the ORC unit, superheating and
evaporating temperature are the most critical variables to con-
trol [32]. Superheating is defined as:

ATs‘h = Texp,su - Tsat.,ev (1)

where T, s is the temperature at the expander inlet, and
Tias ev 1s the saturation temperature corresponding to the evapo-
rator pressure Py oy.

Research on ORC technology [14, 33] indicates that opti-
mal operation of subcritical ORC systems hinges on satisfy-
ing two main criteria: 1) Maintaining a minimum superheating
level at the expander inlet ensures high efficiency and safe op-
eration, and 2) For each heat source condition, there exists an
optimal evaporating temperature that maximizes power output.
The main challenge in modeling and control arises from super-
heating, which displays time-varying nonlinear dynamics due
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Figure 2: Process flow diagram with sensor locations.

to heat exchanger behavior and variations in the heat source

[6].

2.2. Analysis of the open-loop dynamics

Previous studies have shown that optimal ORC operation
occurs at low superheating values [14, 8], where the dynam-
ics of the thermodynamic cycle are highly nonlinear and time-
varying. Consequently, this work focuses on modeling the su-
perheating degree ATy, with pump speed N, as the manipu-
lated variable, and the heat source temperature 7,y and mass
flow rate 71, treated as measurable disturbances. This setup is
represented schematically in Fig. 3.
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Figure 3: Block diagram of inputs and output for the ORC system.

To explore the system dynamics, step changes of 50 rpm are
applied to the pump speed under different heat source condi-
tions. Initial offsets are removed so that all responses are zero-
centered, as shown in Fig. 4.

The gain, defined as Gain = %, can vary by a factor of five
across operating points. Similarly, the settling time—defined
as the time required for the response to remain within 5% of its
final value—can vary by up to a factor of seven. These substan-
tial variations highlight the system’s nonlinear behavior, pri-
marily driven by changing heat source conditions.

The system also exhibits higher-order dynamics. This is il-
lustrated when fitting a transfer function to some of the step
responses from Fig. 4, where the model accuracy is evaluated
using the Root-Mean-Square Error (RMSE) and FIT percentage
[34]: A
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Figure 4: Superheating response to 50 rpm step changes at various operating
points.
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~ ||[Y = mean(Y)]]>

where Y is the measured output on the validation set of length
L, Y is the corresponding model prediction, and || - ||> denotes
the Euclidean norm. Note that the FIT metric is a normalized
prediction error measure commonly used in system identifica-
tion, and differs from the coefficient of determination R? due to
the use of Euclidean norms rather than squared errors.

At high levels of superheating, the output cannot be ade-
quately described by a simple first-order response. As shown
in Fig. 5, a third-order transfer function provides a more accu-
rate fit to the experimental data than a standard first-order plus
time delay (FOPTD) model.
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Figure 5: Comparison between FOPTD and higher-order (third-order) transfer
functions at high superheating.

At low superheating levels—where nonlinearities are more
pronounced—even a fourth-order model is required, as shown
in Fig. 6. Increasing the model order beyond four is unnec-
essary, as it would introduce pole-zero cancellation without
meaningful improvements in model fidelity. This analysis is
also relevant for defining the regressor structure in both linear
and nonlinear modeling approaches.
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Figure 6: Comparison between FOPTD and fourth-order HO transfer functions
at low superheating.

While model fits above 85% are often considered suffi-
cient for control design—especially when robust controllers
are used—our objective is different. This study aims to de-
velop a nonlinear model that generalizes well across a wide
operating range, accurately reproduces experimental data, and
avoids overfitting. Such a model is suitable for both simulation
purposes and advanced control strategies, including nonlinear
model predictive control (NMPC).

3. The proposed Sparse Identification of Nonlinear Systems

When a reliable physics-based model is unavailable or too
complex for real-time implementation, data-driven approaches
provide a practical alternative for capturing system dynamics.
In this section, we propose a sparse identification framework
tailored to the nonlinear dynamics of the WHR-ORC system.
The methodology builds upon a general ARX (AutoRegressive
with eXogenous inputs) formulation and extends it into a non-
linear sparse representation using polynomial basis expansions.
This hybrid strategy leverages the control-oriented structure of
ARX models while embedding key thermodynamic nonlineari-
ties through carefully selected basis functions.

3.1. ARX Model Representation

The ORC dynamics are modeled using a discrete-time multi-
input single-output (MISO) ARX structure. All signals are
sampled with a fixed sampling period 7§, and the discrete-time
index is denoted by k € Z > 0.

The general nonlinear ARX formulation is expressed as:

(k) = D(@(k))" 6 +e(k) )
where:
* $(k) € R: model-predicted output,

* o(k) € R": regressor vector composed of lagged inputs
and outputs,

» ®(¢(k)) € RM: vector of nonlinear basis functions evalu-
ated at @(k), with M number of candidate functions,

* 0 cRM: parameter vector to be identified,
* ¢(k) € R: bounded modeling uncertainty or disturbance.

The regressor vector ¢ (k) is constructed as:

[ y(k—1) 7
y(k;na)
u](k—l)
00 = 4k m) 5)
tn, (k—1)
[ty (k=13

where n, is the number of output lags, n,, is the number of lags
per input, and n, is the number of input channels.

Each basis function in ®(-) represents a linear or nonlinear
transformation of the regressor vector:

?1 (k)2 ©)

This formulation allows the representation of a wide range of
nonlinear behaviors, while preserving a structure amenable to
control design.

Physically, the regressor in (5) aims to capture the thermal
inertia and transport delays inherent in ORC processes: lagged
output terms model stored energy in heat exchangers, while
lagged inputs reflect the effect of pump speed and heat-source
variations propagating through the system. Whilst each of the
formulation of the basis functions in (6) is flexible enough to
represent cross-variable couplings (e.g., pump speed and heat-
source temperature interactions) that dominate ORC nonlinear-
ities, while remaining interpretable for control design.

For the ORC case study, the variables are defined as:

* y(k): superheating degree ATy, (k),
* uj(k): pump rotational speed Ny, (k) (manipulated input),

* up(k): heat-source temperature 7,¢(k) (measured distur-
bance),

* u3(k): heat-source mass flow rate 7, (k) (measured dis-
turbance).

Notice that the number of candidate functions M can be large,
leading to overparameterization if all terms are retained. To ad-
dress this, the next subsection introduces a sparse identification
approach that automatically selects the most informative subset
of basis functions.



3.2. Problem formulation

The goal is to identify a compact and physically interpretable
nonlinear model for the ORC system, capable of accurately pre-
dicting the superheating degree ATy, across a wide range of op-
erating conditions.

This requirement can be formalized as a sparse identification
problem, given:

e a dataset D of noise
sisting  of  input—output
{y(k), 1 (k) -, um, (k) Hey.

* a predefined set of M candidate nonlinear basis functions

{¢17"'5¢M},

¢ anoise bound € > 0,

con-
D =

corrupted  data
measurements

Problem 1 (Sparse Identification). Find the sparsest parameter
vector O € RM such that the model prediction error is compat-
ible with the noise bound:

0% = min ||6]o
6cRM
subject to:  |ly — P> <€
Here, || - ||o denotes the ¢y quasi-norm, defined as the number

of nonzero elements in a vector:
1610 = card (supp(0))

where
supp(0) ={ie{1,...,M}:6,#0}

We now state the assumptions underlying the identification pro-
cedure:

Assumption 1. The structure of the system is unknown but can
be represented by a nonlinear mapping of the form (4), inferred
from input-output data.

Assumption 2. The true parameter vector 8° € RM is sparse,
Le.,
1610 < M @

This assumption reflects the fact that, among a large number
of candidate basis functions, only a few contribute to output
evolution.

Assumption 3. The noise e(k) is an unknown but bounded sig-
nal in 2-norm, i.e.,
llell2 <e ®)

where the prediction error vector is the difference between
the measured and the model-predicted output from (4), i.e.,
e(k) =y (k) — $(k).

In the ORC system, the sparsity assumption reflects the fact
that only a limited number of interactions—such as Ny, - Tj,¢
or ATy, - riy, ;—are physically dominant. Most candidate poly-
nomial terms in @ might have negligible effect, and eliminat-
ing them improves interpretability, reduces overfitting, and pre-
serves computational efficiency for control implementation.

Since minimization of the fp-norm is non-convex and NP-
hard, the next section introduces a convex relaxation within the
Set Membership Identification framework, enabling a tractable
solution while maintaining the noise-bound constraint.

3.3. Sparse Set Membership Identification

Following the approach in [25], the sparse identification
problem 1 is reformulated using a convex relaxation within the
Set Membership Identification framework. The key idea is to re-
place the combinatorial /p-norm minimization with its convex
envelope, the ¢;-norm, while explicitly constraining the predic-
tion error in the ¢;-norm. This approach requires only an upper
bound € on the noise and modeling error, with no statistical
assumptions, and ensures that all admissible solutions are con-
sistent with both the measurements and the error bound.

Definition 1. The Feasible Parameter Set (FPS) is defined as:
FPS={0 R : |y— 0|, <e}. )

The FPS contains all parameter vectors that are compatible
with the data, the candidate basis functions, and the prescribed
noise bound.

Definition 2. The Feasible Sparse Parameter Set (FSPS) is de-
fined as:

FSPS = {6 € R : supp(6) = supp(6°), [ly— D> < e},
(10)

where supp(0) denotes the set of indices of the nonzero co-
efficients. The FSPS is the subset of the FPS having exactly the
same active basis functions as the true model 6°.

Theorem 1. Given a dataset D and a set of basis functions

{¢17"'a¢M}y let
e = min €
0cRM
subjectto: ||y —®0|» <e, (11)
e>0.

If & > €™, then FPS # 0.

Proof: Let 0* be a minimizer of (11). By definition |y —
®O*||, < €, hence 6* € FPS. I

In the ORC application, the FPS represents all parameter
vectors that can reproduce the measured superheating degree
within the combined measurement and modeling uncertainty
bound €. If the modeling assumptions hold, the true parame-
ter vector 8° lies in this set.

To obtain a sparse model, Problem 1 is approximated by the
following two-step procedure.

Step 1: Solve the convex optimization problem

6'= min L6
OcRM (12)
subject to: ||y — @0, < eV

where L is the number of identification samples, M is the to-
tal number of basis functions, and £(!) is chosen slightly above
e™n (e.g., by 5%) to avoid overly restrictive feasibility condi-
tions. The ¢; term promotes sparsity by acting as the convex
envelope of the ¢y norm over the /. unit ball [27], and the ¢,



constraint restricts the search to the FPS [25, 35], ensuring con-
sistency with the noise bound and a unique solution even when
M > L.

Step 2: From 6!, identify the set of active basis functions,
and solve a reduced least-squares problem over this support:

6*= min |[y—®0|;
0cRM
subjectto: 6, =0 Vi |6} <7, (13)
ly—®6]2 <€

where 7 is a pruning threshold that discards coefficients of neg-
ligible magnitude, and € > € is a relaxed error bound ensur-
ing feasibility after pruning. This step removes the bias intro-
duced by /) regularization and yields an unbiased least-squares
estimate on the selected support. The choice of (v,€) defines
the complexity—accuracy trade-off [27] and can be tuned via
grid search [29] or determined automatically as described in
Section 3.4.

3.4. Sparse Ildentification with Automatic Tuning

The feasibility of the sparse identification procedure depends
critically on the choice of the error bound and pruning threshold
in (12)—(13). In the manual approach of Section 3.2, these are
denoted (7, €) and are selected, for instance, via a grid search.
Here, we introduce an automatic tuning strategy that replaces
the manual selection of € with a bound computed from a sin-
gle scalar parameter { > 1. This parameter scales the mini-
mum achievable error €™ from Theorem 1, thereby defining
the maximum tolerated error after sparsification:

gmaX(me) _ Csmin

Larger values of { relax the accuracy requirement and allow for
sparser models, while { close to 1 enforces higher accuracy at
the expense of complexity. This €™ plays the same role in the
automatic tuning scheme as € in the two-step formulation.

To formalize the trade-off between accuracy and sparsity, we
first define the notion of model complexity.

Definition 3. Limited complexity model: Given a scalar mg <
M, a model f, has limited complexity mg if ||| = mo.

From this, we define the subset of the Feasible Parameter Set
corresponding to limited complexity models compatible with
the data and assumptions:

Definition 4. Limited-complexity Feasible Parameter Set:
FPS(mg) = {0 eRM : |y— DO <& A [|6]lo=mq}.

The set FPS(mg) is the union of at most ( ;;49 ) subsets with
the same cardinality. Exhaustively testing all subsets is combi-
natorially intractable for large M, hence a greedy approach is
adopted.

Starting from the solution ') obtained in Step 1 (Sec-
tion 3.2), the basis functions are ranked as follows:

Definition 5. Ordered basis index set: Let
r(0W) = {ir,...,in: 167 > .. > 81V]).

Here r(9<1>) is the set of basis indices sorted by coefficient
magnitude. For any mg € {1,...,M}, the mg most relevant ba-
sis functions define the support

l(l’l’le) = {il,...,img}.
Definition 6. Feasible Sparse Parameter Set of complexity mg
FSPS(mg)={0 € R : |[y— @0, < & A 6;=0, Vig A(mg)}.

Lemma 1. If & > €™"(mg), where €™ (my) is the solution to

&' (mg) = min
subjectto: ||ly—®0|, <e, €>0,

0, =0, Vig A(myg),
then FSPS(mg) # 0.

Corollary 1. Let £(mg) = €™"(mg) — ™. Then &(mg) > 0,
and if e(mg) = 0, it follows that FSPS(mg) C FPS.

Remark 1. If €(mg) = 0, the reduced set of mg basis func-
tions achieves the same minimum prediction error as the full
set, making €(mg) a direct indicator of the accuracy—sparsity
trade-off.

Once the desired support A (mg) is fixed, the final parameter
vector 0 is obtained as

6= min |[y—®6|;
6cRM (14)
subjectto: 6, =0, Vi ¢ A(my).

Algorithm 1. Sparse Set Membership Nonlinear Algorithm
with Automatic Tuning

1. Collect a dataset D from experiments covering the opera-
tional range of the ORC. Input signals must ensure persis-
tence of excitation. Both open- and closed-loop data are ad-
missible.

2. Select a set of candidate basis functions ®(¢(k)) € RM.

3. Compute the minimum achievable error €™ via Theorem 1.

4. Solve:

6 = min L7'|6];
0cRM
subject to: ||y — @6 < eV

where (1) is typically 1.05 g™,
5. Rank basis functions using r(8(!)) from Definition 5.
6. Perform the following iteration,

For j=1toM—1:

a. Setmg =M — j and €™ (mg) = { e™in,

b. Solve the least-squares problem restricted to A (mg).



c. If the achieved error < €™ (myg), set 6 = 6( ;) and con-
tinue; otherwise, terminate.

Remark 2. The parameter § is the only tuning knob con-
trolling the sparsity—accuracy balance in the automatic proce-
dure. Small { yields denser models with higher accuracy, while
larger & allows fewer active terms with a controlled accuracy
loss.

For clarity, Fig. 7 provides a high-level overview of the pro-
posed sparse nonlinear identification procedure. The flowchart
summarizes the main steps of Algorithm 1, from data acquisi-
tion and basis function construction to sparsity tuning, model
selection, and validation. It is intended to guide the reader
through the overall workflow, while the detailed mathematical
formulation is given in the preceding sections.

Provide identification datasets
(open- and/or closed-loop)

p.
¥

s ~

Basis function construction

\. vy
]

- N

Compute minimum achievable error

. S
1

p

Set sparsity parameter sweep ({)
(accuracy-complexity trade-off)
I

Solve set-membership sparse
optimization
3

Coefficient pruning and refinement

¥

Model selection
) I .
SNL model validation

Figure 7: Flowchart of the proposed sparse nonlinear identification procedure
for WHR-ORC systems.

3.5. Computational complexity and scalability

The proposed sparse identification algorithm is solved of-
fline, and its computational cost is dominated by the convex op-
timization problem used for structure selection. Let M denote
the number of candidate basis functions and L the number of
data samples. The initial set-membership optimization in (12)
involves an ¢;-norm minimization with an ¢, constraint over
M decision variables, whose computational complexity scales
polynomially with M and depends on L through the evaluation
of the prediction error constraint. In practice, this problem is
efficiently handled by modern interior-point solvers.

Once a sparse solution is obtained, the subsequent refinement
and pruning steps operate on a significantly reduced set of ac-
tive basis functions mg < M, making their computational cost
negligible in comparison. Importantly, model evaluation scales

linearly with mg, which enables efficient real-time execution
even when large candidate libraries are considered during the
offline identification phase. This separation between offline
identification and online model evaluation ensures scalability
of the proposed approach to higher-dimensional basis function
libraries.

4. Experimental Results and Discussion

Low-order dynamic models are valuable for simulation, op-
timization, and control of ORC systems. However, a balance
must be struck between model complexity and prediction accu-
racy, especially when the model is intended for control-oriented
applications. In this section, we present the identification and
evaluation of a sparse nonlinear (SNL) polynomial model for
predicting the superheating degree, ATy, across a wide range
of operating conditions.

4.1. Sparse Nonlinear Identification Experiment

The basis function library was constructed by incorporat-
ing known physical relationships of the WHR-ORC process.
Specifically, ATy, depends nonlinearly on the manipulated vari-
able (pump speed N,,) and on measured disturbances repre-
senting the heat source conditions: the heat source temperature
T;,r and mass flow rate ri,;. Quadratic and bilinear interac-
tion terms (e.g., Npp - tiyyp, ATy, - Ty, ) were included to capture
cross-variable coupling, while trigonometric or rational func-
tions were excluded, as polynomial expansions are sufficient to
describe the dominant nonlinearities within the observed oper-
ating envelope.

A total of M =231 polynomial basis functions was generated
from the regressor vector @(k) defined in (5). The resulting
basis matrix is

(k) = [91(9(k)  92(9(k)) ou(e(k)], (15)

where each ¢;(¢(k)) corresponds to either a constant, linear,
squared, or bilinear polynomial term derived from the lagged
inputs and outputs. Representative examples include

C, ATsh(k— 1)7 Npp(k—Z), Thf(k—3), fflhf(k—4)7
ATy (k—1)%, Npp(k—=1)- Ty (k —2), ATy, (k—2) - iy (k=3), ...

A compact representation of ®(¢(k)) is shown in (16):

S(0(k) = | g (1 (16)

The identification dataset consisted of 4000 samples acquired
at 1 Hz under closed-loop operation. To ensure persistence
of excitation, the setpoints of the controlled variables were
generated using broadband input signals. Specifically, the su-
perheating setpoint was excited using an amplitude-modulated



pseudo-random binary sequence (AM-PRBS), the heat-source
temperature setpoint combined a PRBS sequence with a low-
amplitude multisine perturbation, and the heat-source mass-
flow-rate setpoint followed a standard PRBS profile. These
excitation patterns produced variations of ATy, € [10,32] K,
Ty € [108,126] °C, and iy, € [1.45,2.05] kg/s, covering the
full operating envelope relevant for control. The closed-loop
controller was tuned to maintain safe operation (e.g., preventing
excessively low superheating values) while still allowing suffi-
ciently rich excitation for identification. The complete 4000-
sample sequence was used for model identification, and an en-
tirely separate dataset was later used for validation. The input
signals used for identification are depicted in Fig. 8.
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Figure 8: Input signals used for identification of the sparse nonlinear model.

The identification algorithm was implemented in
MATLAB®, using the CVX toolbox [36] for convex opti-
mization. The regressor orders were set to n, = n, = 5, and
the sparsity tuning parameter { was swept from 1 to 3 to
investigate the trade-off between the number of active basis
functions and fitting performance on the identification dataset.
The resulting trade-off curve is shown in Fig. 9.

A value of { = 1.4 was selected as the best compromise,
close to the knee of the sparsity—accuracy trade-off curve in
Fig. 9, beyond which further reductions in model complexity
lead to a disproportionate loss in fitting performance. This
result highlights that accurate prediction of low superheating
degree values requires a relatively large number of interaction
terms. The corresponding coefficient magnitudes of the active
basis functions are shown in Fig. 10, illustrating the sparse na-
ture of the identified model.

For benchmarking purposes, three alternative modeling
strategies from the literature were implemented: a linear model
(LM), a piecewise linear (PWL) model, and a multiple-model
Bayesian (MMB) approach. A brief description of each method
is provided below.

4.2. Linear Model (LM)
The linear benchmark model is identified using the Predic-
tion Error Method (PEM) [34] with multisine excitation. A
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Figure 9: Impact of sparsity parameter { on the number of active basis func-

tions (left axis) and FIT percentage (right axis), computed on the identification
dataset.
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Figure 10: Coefficients of the active basis functions in the sparse nonlinear
polynomial model.

sampling time of 7y = 1 s is selected to capture the system’s
fastest dynamics. In this formulation, the heat source tempera-
ture T,y and mass flow rate s, ¢ are treated as measured distur-
bances—external inputs affecting ATy, but not manipulated by
the controller. The identified model thus describes the relation-
ship between these disturbances, the control input N, and the
output ATy,.

A separate open-loop dataset was used for identification to
avoid bias introduced by feedback correlation in closed-loop
operation. The nominal operating conditions for this experi-
ment are listed in Table 1. This identification choice follows
standard linear system identification practice and ensures that
the linear model benchmark is obtained under conditions that
are methodologically appropriate for PEM-based estimation.

The identified model is expressed as a discrete-time transfer
function in compact MISO form:

Npp(t)
Thy(t) |- (A7)
myg(t)

ATy(1)=[Gi(g™") Gualg™") Gislg™h)]

This model is used here as a benchmark; full derivations of
the transfer functions are reported in [8]. The normalized root-



Table 1: Nominal operating conditions during linear model identification

Parameter Description Value  Unit
Npp Pump speed 2100  rpm
Nexp Expander speed 5000 rpm
Tsar ev Evaporating temperature 94 °C
ATy, Superheating 15 K

Tyr Heat source temperature 118 °C
1y Heat source mass flow rate 1.7 kg/s
Ty Cold fluid temperature 24 °C
Hief Cold fluid mass flow rate 4 kg/s
Wl et Net output power 6 kW
Neycle Cycle efficiency 6 %

mean-square error (NRMSE) on a validation dataset is approx-
imately 70% (see (2)).

4.3. Piecewise Linear (PWL) Model

To extend the validity of linear models across a broader op-
erating range, a piecewise linear (PWL) strategy is adopted.
Several local linear models are identified under different heat
source conditions, and their parameters are interpolated using
surface maps. This methodology, described in detail in [8], is
summarized here for completeness.

Based on step response analysis (Fig. 4), the dynamics of
each local model are approximated using a First-Order Plus
Time Delay (FOPTD) structure:

AT (s) __Kar
Npp(s) TATS + 1

e las, (18)

Parameter maps for the process gain Kxr and time constant Tar
are obtained as polynomial fits of AT, and 7y, s:

Kar = poo -+ P10 AT, + pot titny + paoATs + ... 19)
P11 ATywrivyg + poa 1y

The time delay T is relatively small and treated as constant
across the operating space. Discretization using the zero-order
hold (ZOH) method yields a discrete-time representation suit-
able for prediction and control design. This PWL model serves
as another benchmark for evaluating the proposed sparse non-
linear model.

4.4. Multiple Linear Model with Bayesian Selection (MMB)

To address the limitations of fixed-structure models like
FOPTD—vparticularly under strong nonlinearities at low super-
heating degrees—a Multiple Model Bayesian (MMB) approach
is considered [37]. This method combines a bank of N, linear
models with probabilistic weighting, allowing smooth transi-
tions between local models as operating conditions vary.

The scheme, illustrated in Fig. 12, computes at each time step
k the residuals

ATy,

Figure 11: Gain and time constant maps as a function of superheating and heat
source mass flow rate.

which are used to update model probabilities P, ; recursively via

exp (-%%T;(Kei,k) Pk
Pe=— T ; (20)
Y exp (_Egj,ngj-k) Pj k-1

where K = KT adjusts the sensitivity of the weighting. A higher

K smooths the blending between models, whereas a lower K

accelerates convergence to a single dominant model.
Normalized weights are then computed as

Pix .
v ifPy>y
wix =4 i P @1
0, otherwise

with ¥ = 1/N,, ensuring no model probability vanishes en-
tirely.

The overall prediction is obtained as the weighted sum of all
model outputs:

Nin
ave (k) = Y wixi(k). (22)
i=1

The main implementation details of the multiple-model
benchmark (MMB) are summarized here. The MMB relies on a
bank of N,, = 18 local linear models, each identified from ded-
icated open-loop experiments conducted at distinct operating
points spanning the relevant range of superheating, heat-source
temperature, and heat-source mass flow rate. The local models
are obtained using PRBS excitation and prediction-error iden-
tification, following the procedure experimentally validated in
[37]. During operation, the contribution of each local model
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Figure 12: Schematic of multiple model structure with Bayesian selection.

is determined online using the recursive Bayesian weighting
mechanism based on the prediction residuals. The resulting
weights are normalized and used to compute the weighted aver-
age prediction, enabling smooth interpolation between models
as operating conditions vary. The Bayesian tuning parameter
governing the convergence and blending behavior of the model
weights was selected as K = 58, which was shown to provide a
suitable trade-off between fast convergence and robust blending
in previous experimental studies [37].

This approach captures varying dynamics with low compu-
tational cost and provides another benchmark for performance
comparison in the following section.

4.5. Performance comparison

The prediction capabilities of each model—Linear Model
(LM), Piecewise Linear (PWL), Multiple Model Bayesian
(MMB), and Sparse Nonlinear (SNL)—are evaluated on an in-
dependent dataset, distinct from that used for identification.
This ensures an unbiased assessment of generalization perfor-
mance under realistic operating conditions. The test sequence
excites the system with variations in pump speed, heat source
temperature, and mass flow rate, within the 10-30K superheat-
ing range where nonlinear effects are most pronounced (see
Section 2.2). The input signals for this validation are shown
in Fig. 13.

The corresponding model predictions are compared with
measured data in Fig. 14. As expected, the LM and PWL
models exhibit the largest deviations, particularly when op-
erating conditions move away from the nominal linearization
point. The MMB and SNL approaches, which explicitly ac-
count for nonlinearities, track the measured dynamics more
closely across the entire range.

Table 2 quantifies these results in terms of RMSE and FIT,
using the definitions in (2)—(3). The LM benchmark achieves
the lowest accuracy (FIT ~ 58%), with the PWL model provid-
ing only a modest improvement (FIT = 64%). In contrast, the
MMB model attains 82.5% FIT, while the proposed SNL model
achieves the highest accuracy at 88.1%. The latter corresponds
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Figure 13: Inputs used for testing the prediction capabilities of the identified
models.
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Figure 14: Prediction performance of LM (dashed blue), PWL (green), MMB
(dotted cyan), and SNL (red) models for AT}, on the validation dataset. Black:
measured output.

to the optimal point on the { trade-off curve in Fig. 9 ({ = 1.4),
confirming that the automatic tuning strategy from Section 3.4
effectively balances sparsity and prediction quality.

A more detailed view is obtained by analyzing three operat-
ing scenarios from Fig. 13. In Scenario 1 (0-1000 s), the heat
source is nearly constant and variations are driven primarily by
pump speed changes. The LM model exhibits peak errors of
about —5K, underestimating the nonlinear gain at low super-
heating. The PWL model partially mitigates this but retains
similar peak error. Both MMB and SNL significantly reduce
the error, with SNL showing the smallest deviations.

In Scenario 2 (1000-2000 s), all inputs remain nearly con-
stant, producing slow dynamics. All models maintain errors
within +3 K, despite being applied in free-run simulation mode
without feedback correction.

Scenario 3 (2000-3000 s) is the most demanding, with si-
multaneous large changes in Ny, Tr, and ritpr. Here, LM



Table 2: Comparison results for model predictions on the validation dataset (see
Fig. 14). RMSE in Kelvin [K].

Identification method RMSE [K] FIT [%]

Linear Model (LM) 1.710 58.42

Piecewise Linear (PWL) 1.484 63.92

Multiple Model Bayesian (MMB) 0.719 82.52

Sparse Nonlinear Model (SNL) 0.488 88.13
.......... MMB
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Figure 15: Performance comparison for Scenario 1.

and PWL fail to capture the coupled dynamics, with PWL per-
formance further limited by its omission of 7. The MMB
model adapts better, containing errors within +3 K, but the SNL
achieves the best tracking, with average error below +1.2K.

In addition to prediction accuracy, the computational cost
associated with model evaluation is assessed to support real-
time applicability. The average execution time in microseconds
required to compute a one-step-ahead prediction is measured
for each model over the validation dataset. The linear model
(LM) required 4.45us per step, the piecewise linear model
(PWL) 26.73 us, the sparse nonlinear model (SNL) 204.52 us,
and the multiple-model Bayesian (MMB) approach 213.21 us.
These results indicate that the proposed SNL model achieves
its improved accuracy with a computational cost comparable
to MMB and well within the time scales typically required for
real-time model predictive control in WHR-ORC applications.

Complementary to the online evaluation costs, the identifi-
cation time is assessed to evaluate practical usability. On the
considered dataset (L = 4000 samples, M = 231 candidate ba-
sis functions), the complete identification procedure, includ-
ing sparsity parameter sweep {, convex optimization, and re-
finement, required approximately 320 s (i.e., on the order of
102 s) on a standard desktop computer (Windows 11, MATLAB
2023a, Intel(R) Core(TM) i5-9300H CPU @ 2.40 GHz, 16 GB
RAM). As the identification is performed offline, this computa-
tional cost is acceptable for control-oriented modeling and does
not impact real-time operation.
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Figure 17: Performance comparison for Scenario 3.

Remark: These results confirm that the sparse nonlinear
model not only achieves the best global accuracy, but also main-
tains robust performance under rapidly changing and highly
coupled operating conditions—precisely the regimes where
ORC systems are most sensitive to control errors. Its low com-
plexity and physically interpretable structure (see Section 4.6)
make it an attractive choice for model predictive control imple-
mentation.

4.6. Interpretation of Selected Basis Functions

An important advantage of the proposed sparse identification
framework is that the resulting model structure is directly inter-
pretable in physical terms. Table 3 classifies the mg = 46 active
basis functions obtained at the optimal sparsity setting (§ = 1.4)
into four categories.

The dominant group consists of bilinear terms—products be-
tween different variables, often at different time lags—whereas
the number of purely linear or squared terms is small, and no
cubic or higher-order terms were retained. This reflects both



Table 3: Summary of selected basis function types in the sparse nonlinear
model.

Term Type Count Example

Constant 1 c

Lagged linear 8 Npp(t—1)

Squared 1 ATy (t —1)?
Multiplicative (bilinear) 36 Typ(t —4) -mpp(t—2)
Total 46

the design of the candidate library (restricted to second-order
polynomials for numerical robustness) and the natural effect of
sparsity regularization, which tends to suppress redundant or
weakly correlated terms.

From a thermodynamic perspective, the prevalence of bilin-
ear terms is consistent with known ORC dynamics. The degree
of superheating is strongly influenced by interactions between
the working-fluid flow rate (linked to N,,), the inlet heat-source
temperature 7}, 7, and the heat-source mass-flow rate iy, . These
interactions enter the governing heat-transfer equations multi-
plicatively, for example:

Oin o i fCp (Thf - Tev,su)-

In the discrete-time framework adopted for identification, such
multiplicative relationships naturally manifest as products be-
tween lagged variables. Transport and thermal-inertia effects
introduce delays between variations in T}, riy ¢, and ATy, so
their influence on the measured output appears through time-
shifted combinations such as Tj,(t — j) - ripp(t — i). Like-
wise, the coupling between pump-speed variations N, (r — i)
and the available heat-source temperature 7j,¢(f — j) reflects
the physical dependence of the evaporator heat input on both
fluid flow and thermal power. The algorithm’s preference
for cross-variable products such as N, (t — i) - Ty(t — j) or
ATy, (t — i) - iy s(t — j) therefore mirrors the actual physics,
where energy transfer results from the concurrent—but tempo-
rally shifted—interaction of flow and temperature fields.

The appearance of time-shifted products, for instance 7j, ¢ (¢ —
5) - ¢ (t —4), indicates that the model captures multi-time-
scale effects typical of thermofluid systems. These effects orig-
inate from convective transport delays in the heat exchangers
and from the thermal inertia of both the working fluid and
the metallic structure, which cause heat-transfer interactions
to manifest at different characteristic lags. Consequently, the
identified structure reflects how changes in the heat-source con-
ditions propagate dynamically through the ORC’s thermal net-
work.

The single squared term, ATy, (t — 1)2, suggests a mild non-
linear self-dependence in the superheating dynamics, but the
absence of higher-order univariate terms reinforces the idea that
cross-variable coupling dominates the system’s nonlinear be-
havior. This observation aligns with the expected thermofluid
behavior of ORC processes, in which coupled variations of flow
and temperature govern energy transport more strongly than in-
trinsic nonlinearities in any single variable. Such coupling be-
comes particularly relevant at low superheating levels, where
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small perturbations in one variable (e.g., Tjs or r1,5) can sub-
stantially amplify the response in another.

Overall, the final sparse polynomial model achieves a bal-
ance between parsimony and physical interpretability. By re-
taining only the most informative low-order interaction terms,
the identification method avoids overfitting while preserving
the essential structure of the ORC’s heat-transfer and fluid-
dynamic processes. This compact and physically meaning-
ful representation makes the model well suited for real-time,
model-based control applications where transparency and com-
putational efficiency are essential.

5. Conclusions and Future Work

This paper presented a sparse nonlinear identification frame-
work for modeling the superheating dynamics of a Waste Heat
Recovery Organic Rankine Cycle (WHR-ORC) system. A
globally valid nonlinear parametric model was identified from
experimental data using a polynomial basis expansion with au-
tomatic structure selection and a guaranteed prediction error
bound, formulated within a set-membership convex optimiza-
tion framework.

Experimental validation on an 11 kW, ORC test bench
demonstrated that the proposed sparse nonlinear model
achieves high prediction accuracy across a wide operating range
while maintaining a compact structure. Compared to linear,
piecewise linear, and multiple-model Bayesian benchmarks, the
identified model exhibits superior generalization in strongly
nonlinear and time-varying regimes, with a computational cost
compatible with real-time control applications.

Beyond accuracy, the resulting model offers physical inter-
pretability. The identified structure is dominated by bilinear
interaction terms, revealing strong cross-couplings between op-
erating variables that are consistent with the underlying ther-
modynamic behavior of ORC systems.

As with most sparse identification approaches, the proposed
methodology has some limitations. The quality of the resulting
model depends on the choice of the candidate basis function
library, as unmodeled nonlinear interactions cannot be recov-
ered. In addition, the set-membership formulation relies on the
specification of noise bounds, which influences the sparsity—
accuracy trade-off. Nevertheless, the automatic tuning strategy
and sparsity-driven selection mitigate these effects by enabling
the use of rich candidate libraries while retaining a compact
final model. The framework is not inherently limited to single-
input single-output systems and can, in principle, be extended
to multiple-input multiple-output configurations, albeit at the
cost of increased computational and modeling complexity.

Future work will focus on integrating the proposed model
into nonlinear or robust model predictive control frameworks
and extending the methodology to other thermodynamic and
process systems exhibiting multivariable nonlinear dynamics.
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