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Abstract—Data-driven modeling has become a predominant
approach for learning and understanding systems. Models span
a wide range of domains, including medical, health informatics,
biological, environmental, meteorological, transportation, and
economic systems, as well as complex dynamic virtual informa-
tion, engineering, and hybrid systems. Computational intelligence
techniques, including fuzzy systems, neural networks, evolu-
tionary computation, and their hybridizations, are key driving
forces in the current data-driven system modeling effort. This
paper addresses data-driven fuzzy and neural modeling analytics
and analyzes their performance in nonlinear dynamic systems
modeling and prediction tasks. Data-driven fuzzy modeling and
neural-based analytics are powerful paradigms that compete
closely, often outperforming many alternative state-of-the-art
methods, such as gradient boosting, kernel ridge regression, and
Gaussian processes. In particular, the flexibility and approxi-
mation capabilities of data-driven fuzzy models, long-short-term
memory, and convolutional neural networks are analyzed in two
applications: (i) learning from a data stream produced by a
synthetic nonlinear difference equation, and (ii) electricity load
time series forecasting. The usefulness of the models is discussed
in terms of their prediction accuracy and parametric complexity.
In computational experiments, the recursive or incremental level-
set fuzzy model provided both accuracy and interpretability with
fewer parameters compared to the other methods, making it an
attractive option for real-time modeling and forecasting tasks.

Index Terms—fuzzy systems, machine learning, neural net-
works, dynamic systems.

I. INTRODUCTION

Information systems and engineering processes often re-
quire quantitative analysis and employ many techniques to
model, analyze, and design effective solutions. Typically,
qualitative concepts, system descriptions, and perceptions need
to be supplemented with quantitative models — devices that
act as approximations of the behavior of actual systems. It
is common in many information and engineering contexts
that the modeling process relies on input-output data, under
the assumption that some mathematical relationship exists
between them. In dynamic systems, the output typically ex-
hibits nonlinear dependence on past input values. Moreover,
the output is time-dependent, and the input-output functional
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relationship is often too complex to be solved in closed form
to yield an explicit solution for the output.

The input-output modeling process follows a black-box
approach, where knowledge about the system is observed
solely from the model output response to an input. The
precise internal structure of the system is left unspecified.
The task is to deduce the characteristics of the black box by
experimenting with different inputs and observing the resulting
outputs. Conversely, state-space modeling incorporates struc-
tural knowledge of the system, such as state variables, system
order, and first-principles-derived parameters, which represent
fundamental physical relationships. Both input-output and
state-space modeling are model-based techniques in which
the principles governing system behavior are combined with
parameter estimation or system identification procedures [1].

Data-driven modeling relies on data, that is, a set of training
instances that illustrate how the system behaves. The objective
is to formulate a hypothesis that ideally mirrors the actual
system behavior across the training instances. Data-driven
modeling assumes that any hypothesis that approximates the
system behavior over a sufficiently large set of input-output
training instances will also generalize well to unobserved in-
puts [2], [3]. Machine learning and optimization techniques are
often used to formulate such hypotheses, leveraging algorithms
that can learn from large datasets and improve predictions over
time. An intermediate modeling approach combines this data-
driven learning process with a higher-level understanding of
the system structure, thus generating a description of the sys-
tem where the input-output response reflects both the system’s
structural insights and the input-output behavior gleaned from
the training data.

Over the past few decades, the emphasis in data-driven
modeling has shifted towards the use of computational in-
telligence and machine learning methods to build models
that complement knowledge-driven models. Examples of such
methods include statistical techniques, decision trees, sup-
port vector machines, ensemble methods, Bayesian networks,
random forests, deep learning architectures, neural networks,
fuzzy rule-based systems, and their combinations [8], [10],



[9]. Advances of data-driven modeling methods require the
investigation of a variety of strategies because the modeling
techniques should account for factors such as performance,
interpretability, explainability, robustness, adaptability, scala-
bility, usefulness, and the specific characteristics of the appli-
cation domain.

Dynamic systems models based on data streams have
been extensively researched in many domains, particularly
in engineering, control systems, and applied mathematics.
Early work developed during the 1990s has explored neural
networks [4], [5], fuzzy systems, and neuro-fuzzy methods [6],
[7]. Subsequent decades witnessed progression encompassing
neural networks, instance-based modeling, functional fuzzy
modeling, regression trees, knowledge-based approaches [8],
and first and second-order derivative function mechanisms
for approximating nonlinear state-space models [11]. The use
of approximation for modeling and solving optimal control
problems has been pursued in [13] particularly using proper
orthogonal decomposition and radial basis functions. Recent
endeavors have addressed deep learning models for sys-
tem identification [12]. Additionally, nonlinear autoregressive
Gaussian processes with exogenous inputs, long short-term
memory architectures, and convolutional neural networks to
model nonlinear dynamics have been explored [14].

This paper addresses the utilization of the recursive incre-
mental level set method (RLSM), long short-term memory
(LSTM), convolutional neural network (CNN), and hybrid
approaches in the development of dynamic processes models.
These methodologies represent the state of the art within
the fuzzy systems and neural computing analytics. Despite
their sophistication, there has been a lack of analysis and
performance evaluation of these methods in complex nonlinear
dynamic processes modeling and prediction tasks. The results
have shown that, in spite of their margin of approximation,
these approaches compete closely from the point of view of
accuracy, but in general the complexity of the fuzzy models
are lower. Additionally, fuzzy models are more transparent
than neural models due to their reduced count of parameters
and reliance on partitions of the data space. These partitions,
along with their ordering along the feature axes, can be
accompanied by linguistic values and rules, thereby supporting
human understanding and decision-making processes.

The structure of the paper is organized as follows. Following
this introduction, Section II reviews the data-driven level set
fuzzy modeling, and recalls two prominent deep learning
architectures, the long short-term memory and convolutional
neural network structures. Section III provides the computa-
tional results and the practicality of the models employed.
Finally, Section IV concludes the paper, summarizing its
contributions and proposing topics for future development.

II. Fuzzy MACHINE LEARNING AND DEEP NEURAL NETS

This section provides a concise overview of the data-driven
fuzzy machine learning method using the notion of level
sets. The section also gives a short reminder of the long
short-term memory models and convolutional neural networks

to ensure the paper conceptually and methodologically self-
contained. The level set-based fuzzy model is a novel form of
additive fuzzy rule-based model that is simpler and easier to
understand compared to traditional linguistic and functional
fuzzy models [7] [16]. Level set-based fuzzy models are
computationally fast, efficient, and interpretable. Long short-
term memory models constitute a class of recurrent deep
neural networks whose structure is tailored to encode time-
related data, a property that is particularly important to model
dynamic systems [27]. Convolutional neural networks are
multi-layer structures that have proved to be effective in a
variety of dynamic systems modeling tasks due to their ability
in capturing local trends and patterns in input-output data
relationships [28]. These modeling methods are representative
of the current state of the art in fuzzy and neural modeling.

A. Data-Driven Level Set Fuzzy Modeling

The fuzzy model discussed in this paper comprises a col-
lection of fuzzy rules of the following form:

R;: if zis A; then y is B; (1)

where ¢ = 1,2,..., N, and A;, and B; are convex fuzzy sets
with membership functions A;(x) : X — [0,1] and B;(y) :
Y — [0,1]. Given an input x € X, the steps of the level set
method are as follows [15]:

1) Compute the activation level of each rule R;

7 = Ai() (2)
2) For each 7, find the level set
B, = {ylmi < Bi(y)} = [yit, Yiu] 3)
3) Calculate the midpoint of the corresponding level set
il T Yiu
mi(r) = A o
4) Compute the model output ¢ as
N
> Ti mi(Ti)
j=""5 )

N
D Ti
=1

Notice that 7; > 0 for at least one ¢. In most practical
scenarios, the fuzzy sets A; and B; are continuous. If the
fuzzy set B; is discrete, then m; represents the average of
the elements of 53,. Equation (5) can generally be interpreted
as a mapping in the form F : [0,1] — ). In other words,
F denotes a mapping from membership degrees to elements
within the output domain ). This differs significantly from
the nature of fuzzy linguistic and fuzzy functional models,
and their associated data processing mechanisms.

Let D = {(z*,y*)} be a dataset, where ¥ € R? and y* €
R, such that y* = f(2), k = 1,2,..., K. In data-driven
fuzzy level set modeling, the objective is to construct a fuzzy
model F to approximate the function f using D [16].

In fuzzy rule-based modeling, determining the number of
rules, the type of membership functions for the antecedent and



consequent of each rule, and their corresponding parameters
is essential. This specification is achieved through the granu-
lation of the input and output spaces, which is autonomously
performed by a machine learning method using D. Clustering
is the preferred method for granulating the input-output space
and defining membership functions. Input-output clustering
also aids interpretability due to the localized nature of the
rules. Cluster centers are often used as the modal values for
normal membership functions, which define the antecedent
terms A;. A normal membership function is one in which the
highest degree of membership is 1, i.e., there exists some x
such that A;(xo) = 1. Additionally, cluster validity methods
assist in determining the appropriate number N of rules [7].

Once the membership functions .4; are specified, the data-
driven level set fuzzy modeling method requires estimates of
the corresponding local output functions F;, ¢ = 1,2,..., N.
While numerous options exist, and theoretically any type of
function approximator could be chosen, this paper adopts the
simplest approach, which is affine output functions F; of the
form

Fi(ri) = mi(1:) = viti +w; (6)

The values of the parameters v; and w; can be estimated from
the data using any suitable procedure, such as least squares-
based learning procedures. For instance, the pseudo-inverse
based solution proceeds as follows.

For each data pair (z*,y*), compute the activation level
8 = Ai(2%), i = 1,2,..., N, and let s* = Zfil 7F. From

(5) and (6), the corresponding output is

& T (01 7F 4+ wy) TJ’%(UNT{@ + wy)

===+ ... 7

z o +. 4 o (7

Let d* = [(tf)2/sk, 7f/sk, ..., (78)%/s*, 75 /s¥]
and the vector of parameters be u = [vy,wy, ..., vy, wn]T.

Equation (7) becomes

F=d¥-u, k=1,....K (8)
Let z = [z1,.... 25T, D = [a@'T,...,df7T)T, and y =
[y',...,y%]T. Thus, the set of equations (8) can be succinctly

expressed as z = Du. The parameter vector u is the solution
; 2
of min,||ly — zl||°,

u=D"z 9)

where D™ is the Moore-Penrose pseudo-inverse of D [17].
Therefore, given an input x, the corresponding model output
is obtained from

7 =du (10)
which is the vector equivalent to that of (5). The number of
parameters L of a level set fuzzy model with n inputs and p
antecedent membership function parameters is given by L =
(np+ 2)N. The computation of the output is bounded by the

computation of D. If D is an (m X n) matrix, then the pseudo-
inverse computation based on singular value decomposition is
O(nm min(m,n)) [18].
The least squares estimator (9) can be expressed as
u’ =D"z

Y

where the superscript k£ is added to denote the number of
data pairs used to estimate u. It may be desirable to compute
the least squares estimate for different values of k& — oo,
and to systematize the parameter estimation computations in
a way that the result obtained for k£ data pairs can be used to
obtain the estimate for k + 1 data pairs. The recursive form of
parameter estimation can also be convenient when the number
of parameters is not known in advance, which is particularly
suitable for level set-based modeling when output functions of
interest are other than affine. Recursive parameter estimation
has been studied in the literature [1], [6], [19]. In the level set
fuzzy modeling method, the recursive (incremental) steps are
as follows (see [20] for details).
For each data pair (z%,¢y%), k=1,...

1) Compute the activation levels 7% = A;(z%), i =
1,....N
2) Let
d® = [(mF)?/s*, /s, o (TR)?/s®, T /s"]

N
=3k
i=1
3) Calculate the gain matrix

Pk _ l Pkfl B PkflddekPkfl
A A+ dFPk-1gkT
4) Update the output functions parameters

uk _ uk—l + PkdkT(yk _ dkuk—l)

5) Compute the model output §*
gk _ dkuk

The recursive computation of u requires an initial estimate
u’ of the parameters, and an initial gain matrix P°. In practice,
it is common to set u’ = 0, and the gain matrix P° = al,
where o is a sufficiently large number [19], e.g., o = 103.
The constant A € [0, 1] is a forgetting factor that modulates
the emphasis on the data sequence. If A is large, recent data
are heavily weighted, and the estimation algorithm tracks time-
varying behaviors faster. However, for large values of A, the
approach becomes more susceptible to outliers and retains less
memory of typical past behavior [6]. A default value of A =
0.95 is used.

B. Long-Short-term Memory

Short-Term Memories (LSTM) are a class of recurrent
deep neural networks carefully designed to capture time-
dependent, sequential relationships crucial in dynamic systems
modeling. Their proficiency is a result of their capacity to



retain information from previous inputs and outputs [27].
The key idea is to form a computational block comprising a
memory unit that keeps its state across multiple time steps,
and a nonlinear gate unit that regulates the flow of input
and output information within the memory unit. The basic
LSTM neural network block features three gates, respectively,
input, output, and forget, with sigmoid activation functions, a
hyperbolic tangent function as the block input and the output
activation function, and a single memory cell [21]. A general
LSTM neural network has a sequential structure, consisting of
a series of such blocks, which can, in turn, be further integrated
with dense (fully connected) multilayer neural networks.

The training of long short-term memory networks is con-
ceptually similar to the typical error backpropagation methods
used for parameter adjustment. LSTM training follows a two-
pass learning scheme, which can process the dataset in mini-
batches or iterate through the data, one instance at a time. The
first pass is a forward pass that, given the input data and the
weights connecting the blocks, computes the block input, the
input gate, the forget gate, and the memory unit state. Addi-
tionally, signals are output from the output gate and the block
output. In the second pass, a backpropagation-through-time
procedure is carried out. It involves evaluating the gradients of
the loss function with respect to the weights, and subsequently
updating the weights that connect the memory blocks.

A comprehensive description of the LSTM neural network
structure, the learning algorithm equations and steps can be
found in [21] and references therein. An open source LSTM
implementation in Python, which is utilized in this paper,
is available in [22]. The number of parameters M in a
standard LSTM network with one cell in each memory unit,
ignoring biases, is M = 4n3 + 4n;n. + neno, + 3n.. Here,
n. represents the number of memory cells, n; denotes the
number of input units, and n, stands for the number of output
units. Therefore, the computational complexity per time step
is O(M). For a small number of inputs, the complexity is
dominated by n.(n.-+n,). For tasks requiring a large number
of output units and a large number of memory cells to store
temporal dependencies, learning may become computationally
expensive [23].

C. Convolutional Neural Network

Convolutional Neural Networks (CNN) share similarities
with feed-forward multilayer (MLP) neural networks. They
consist of neurons with adjustable parameters, namely, ad-
justable weights and biases. Each neuron receives inputs,
computes the dot product, and applies a nonlinear or linear
transformation of the dot product. A CNN typically comprises
an input layer, convolutional and pooling layers, and some
fully connected layers. CNNs offer several advantages, includ-
ing parameter sharing, sparse interactions, and equivariant rep-
resentations, leading to fewer parameters compared to fully-
connected MLP networks. Typically, a CNN has a number of
convolutional layers followed by a pooling operation in the
hidden layers, and a fully connected output layer. Each con-
volutional layer contains several filters (kernels) that produce

feature maps after convolution with the input. Filters enable
CNNs to handle inputs of variable size and are useful for
processing data with grid-like or one-dimensional sequential
structures. CNNs are usually trained using regularized back-
propagation. A detailed explanation of convolutional networks,
convolution and learning algorithms, and applications is given
in [24]. Likewise LSTM, an open-source implementation of
CNNs in Python, which is utilized in this paper, can be found
in [22].

The construction of a CNN requires the specification of
several hyperparameters, including the number of filters, the
size of the convolution window (kernel size), the stride length
of the convolution filters, padding, and the dilation rate to
use for dilated convolution [22]. When modeling dynamic
systems, it is common to choose unity stride and assume that
the data should not violate the temporal order, which means
that padding must be causal, that is, the output at time step k
should not depend on input at time step k£ + 1. The dilation
rate is often set to unity as well, to keep the model complexity
parsimonious. In this scenario, the number of parameters C' in
a CNN is given by C' = C. + Cy, where C. = ny(fs + 1),
Cq = (ny+1); and ny is the number of filters, and f, denotes
the kernel size.

III. COMPUTATIONAL EXPERIMENTS

This section presents computational experiments conducted
using: (i) synthetic data generated by a highly nonlinear two-
dimensional dynamic system, as suggested in the modeling and
prediction literature; and (ii) load data obtained from a major
electrical utility in the Southeast region of Brazil, used for
forecasting electricity load. These experiments aim to evaluate
the performance and effectiveness of the methods described in
Section II in handling synthetic and real-world data scenarios.

A. Nonlinear System Modeling and Prediction

The synthetic training data are generated using the model

k—1
yy_) +0.8sin ((5* %)% + ") +n (12)

where ¥ = 1,...,K, and n = N(u,0) is a normally
distributed noise with mean g and standard deviation o [14].

In [14], a series of experiments were conducted involving
different sizes of training and testing data, utilizing Tensor-
Flow [22]. One particular scenario involved 195 training in-
stances subjected to normally distributed noise N (0, 0.1). This
dataset was used to train various models, including long-short-
term memories (LSTM), convolutional neural networks with
long short-term memory (CNN-LSTM), convolutional neural
networks with bidirectional long short-term memory (CNN-
BLSTM), and Gaussian process nonlinear autoregressive ex-
ogenous models (GP-NARX). The results in [14] indicate
that, on average and considering 104 testing instances, LSTM,
CNN-LSTM, and CNN-BLSTM achieved similar mean square
errors, while GP-NARX achieved the worst performance.
Therefore, this paper focuses on using LSTM, CNN, and



the Data-Driven Level Set Fuzzy Modeling (DLSM) and its
recursive form (RLSM) to model and predict the output of the
system described in (12). The prediction models take the form
9* = f(y*=1,y*=2). Thus, the input variables for DLSM,
RLSM, LSTM, and CNN are y*~! and y*~2, with the output
variable being §*.

The experimental setup for evaluating the LSTM, CNN,
DLSM, and RLSM is as follows. Following the data generation
process and experiments outlined in the literature [14], a
dataset comprising 302 instances is produced using (12). Of
these, 200 instances are affected by noise with N (0,0.1) and
are designated for training, while the remaining 102 noise-free
instances are reserved for testing. The level set fuzzy models
are configured with six rules using Gaussian membership
functions. Likewise, the LSTM model consists of two memory
blocks and one dense layer, trained over 50 epochs (L050)
and 100 epochs (L100). The CNN employs nine filters, a
unity kernel size, and a dense sigmoidal layer, trained over
50 epochs (C050) and 100 epochs (C100). The complexity
of the models is characterized by their number of parameters
(PAR), while their accuracy is assessed by the mean square
error (MSE). Table I summarizes the results.

TABLE I
DYNAMIC SYSTEM MODELING ACCURACY AND PARAMETRIC
COMPLEXITY
LO50 L100 C050 C100 | DLSM | RLSM
MSE | 0.0384 | 0.0137 | 0.0247 | 0.0194 | 0.0264 | 0.0038
PAR 43 43 37 37 36 36

Remarkably, the data-driven fuzzy model DLSM outper-
forms the LSTM model (L050) trained over 50 epochs. How-
ever, when training continues for an additional 50 epochs, the
LSTM (L100) surpasses DLSM. Nevertheless, LSTM requires
more parameters, 43 compared to DLSM’s 36. The CNN
exhibits a similar trend, albeit using fewer parameters than
LSTM. The recursive form of the level set fuzzy model
(RLSM) surpasses L100, C100, and DLSM. It is noteworthy
that the results in Table I closely align with the average
outcomes reported in [14]. Additionally, the fuzzy models,
DLSM and RLSM, achieve comparable or superior accuracy
with simpler models and faster learning procedures.

Further insights can be gained by closely examining the
predictions generated by the top-performing level set fuzzy
models DLSM and RLSM, along with the LSTM model, using
the 100 test instances. Notice that, with the exception of a
few instances, the DLSM predictions shown in Fig. 1, and the
LSTM predictions shown in Fig. 2, are fundamentally similar.
However, the predictions made by RLSM, as shown in Fig. 3,
are notably more accurate than those of DLSM and LSTM.
This observation highlights the superior performance of RLSM
in capturing the underlying patterns and nonlinear dynamics
of the data.
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Fig. 1. Predictions of DSLM for the nonlinear dynamic system (12) (test
data).
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Fig. 3. Predictions of RLSM for the nonlinear dynamic system (12) (test
data).



B. Electricity Load Forecasting

Short-term load forecasting plays a key role in ensuring
efficient and reliable power system operations. The primary
objective is to provide accurate predictions for the 24 hourly
loads for the upcoming operational day, enabling better re-
source planning, cost optimization, and system stability. This
section evaluates the performance of DLSM and RLSM mod-
els in forecasting the electricity loads for a major utility located
in the Southeast region of Brazil. The dataset consists of hourly
load measurements recorded over a month, with load values
expressed in kilowatts per hour (kW/h). Fig. 4 shows the
normalized load values (shifted and rescaled to the range [0,
1]) for the first three days of the month. The models operate
as one-step-ahead forecasters, whose purpose is to predict the
next load value based on lagged values from the series. The
forecasting model takes the functional form:

gF = fy* Ly (13)
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Fig. 4. Normalized electricity load dataset for the first three days of the month
— showing only three cycles to highlight nuances on an expanded x-axis scale.

In this paper, the performance of the DLSM and RLSM
models is compared with that of the (i) uninorm-based fuzzy
neural network (UNN) introduced in [25], as well as with other
models reported in the same study. These include: (ii) a single-
hidden-layer feedforward neural network with logistic hidden
neurons and a linear neuron in the output layer, trained with the
resilient backpropagation algorithm (MLP); (iii) the adaptive
neural fuzzy inference system (ANFIS), with the topology
defined using the fuzzy c-means algorithm; and (iv) an extreme
learning machine (ELM) feed-forward neural network with a
single hidden layer and linear output layer. Additionally, (v)
a long-short-term memory (LSTM) model with two memory
cells and one dense layer; as well as (vi) a convolutional
neural network (CNN) with six filters and a kernel size of
2 x 2, are included. The LSTM and CNN are trained for 100
epochs. For the MLP, ELM, and ANFIS models, the number
of hidden neurons and fuzzy rules, respectively, were set to
eight. Forecasting accuracy is evaluated using the root mean

square error (RMSE). Table II and Table III summarize the
results.

TABLE II
ELECTRICITY LOAD FORECASTING ACCURACY AND PARAMETRIC
COMPLEXITY
MLP | ANFIS | ELM UNN
MSE | 0.0766 | 0.0603 | 0.0579 | 0.0546
PAR 33 40 33 40
TABLE III
ELECTRICITY LOAD FORECASTING ACCURACY AND PARAMETRIC
COMPLEXITY
LSTM | CNN | DLSM | RLSM
MSE | 0.0597 | 0.0729 | 0.0511 | 0.0286
PAR 43 25 24 24

Tables II and III show that both DLSM and RLSM out-
perform the other models, with RLSM clearly achieving the
best overall performance. Notably, DLSM slightly outperforms
UNN, ELM, LSTM, ANFIS, and MLP. The latter performs
similarly to the CNN. Interestingly, previous studies have
demonstrated that in electricity load forecasting, MLP can
yield comparable results to some CNN models [26]. Fig. 5 and
6 illustrate the forecasts generated by the LSTM and RLSM
models discussed in this paper. We observe that the RLSM
model produces slightly smoother and earlier variations, with
an RMSE of 0.0286, compared to the LSTM model, which
presents an RMSE of 0.0597.

The results in this section highlight the effectiveness of
the recursive fuzzy level-set RLSM method in capturing the
dynamics in time series or data streams. The superior per-
formance of RLSM in this application suggests that it can
be a valuable tool for decision-making in power systems and
other signal processing domains, offering both accuracy and
interpretability. While the recursive LSTM network demon-
strates strong predictive performance, especially when highly-
parametric deep topologies are explored, the RLSM method
distinguishes by modeling subtle changes in streaming data us-
ing fewer parameters. This highlights the potential advantages
of fuzzy data-driven approaches in certain domains. Further
investigation into the practical implications of incremental
fuzzy models (either standalone or hybridized with neural
networks) in real-time forecasting and adaptive control [9]
could lead to interpretable and scalable solutions for dynamic
environments.

IV. CONCLUSION

This paper has analyzed the use of state-of-the-art fuzzy
and neural methods for autonomous modeling and predic-
tion of nonlinear dynamic systems based solely on data,
without relying on first-principles knowledge. In particular,
data-driven level-set fuzzy RLSM modeling, along with long-
short-term memory and convolutional neural network models,
have demonstrated high performance in predicting unknown
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Fig. 6. RLSM electricity load forecasting for 3 consecutive days (test data).

nonlinear and potentially time-varying systems. Computational
experiments conducted using a benchmark problem reported in
the literature reveal that the data-driven level-set fuzzy model
either competes closely with or outperforms other advanced
data-driven and neural modeling approaches. Additionally, an
application in electricity load forecasting further highlights
that the recursive version of the level set modeling approach
is particularly accurate and robust. Further research will fo-
cus on evaluating the scalability of the data-driven level set
fuzzy method for longer prediction horizons and in higher-
dimensional data spaces.
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