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Abstract

Conventional recurrent and convolutional-recurrent neural architectures are often effective
in capturing local and sequential dependencies. However, they may be insufficient for
representing hierarchical scale-dependent structures that occur in time series with fractal or
multifractal properties. This study addresses this limitation by modifying the FractalNet-
LSTM architecture through the modification of its fractal block. Rather than treating the
fractal block as a fixed component, the proposed approach introduces parametric branching,
which allows the number of parallel computational paths to be adapted to the structural
complexity of the analyzed time series. The study evaluates the proposed architecture on
three time series datasets from different domains. Prior to model training, the datasets were
analyzed using methods to assess self-similarity, long-range dependence, and multifractal
properties. The forecasting performance of the modified FractalNet-LSTM was compared
with LSTM, BiLSTM, CNN-LSTM, and the classical FractalNet-LSTM model across several
forecasting horizons. The experimental results indicate that the proposed architecture
can improve forecasting accuracy for time series with pronounced fractal and multifractal
characteristics. The advantage is most evident for datasets with heterogeneous scale-
dependent behavior, while the improvement is less pronounced for weakly multifractal
or near-monofractal series. For example, on the Industrial Boiler dataset, the proposed
model increased R2 from 0.8046 to 0.9195 for the 8-step horizon compared with the classical
FractalNet-LSTM. On the Green Energy Demand dataset, R2 increased from 0.9316 to 0.9808
for the 1-step horizon and from 0.7357 to 0.8445 for the 8-step horizon. The results indicate
that shorter forecasting horizons may require fewer branches, whereas longer horizons
and more complex multifractal structures may benefit from deeper or more expressive
fractal blocks.

Keywords: fractal neural network; fractal block; branching; self-similarity; multifractality

1. Introduction
1.1. Related Work

Time-series forecasting is widely used in energy, finance, healthcare, road traffic
analysis, industrial production, and meteorology. It supports the prediction of trends,
volatility, seasonal variations, and other temporal patterns that are important for decision-
making and resource allocation [1,2]. Classical statistical models, such as autoregressive
integrated moving average (ARIMA) and seasonal ARIMA (SARIMA), remain widely
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used for time-series forecasting [3]. However, their effectiveness may be limited when
the analyzed data are nonlinear, nonstationary, or characterized by complex temporal
dependencies, which are common properties of real-world time series [4].

Recent studies have investigated hybrid neural architectures to improve forecasting
accuracy for complex temporal data. For example, hybrid recurrent models combining
conventional forecasting methods with gated recurrent units (GRUs) have demonstrated
improved performance in capturing nonlinear temporal patterns [5]. Other studies have
explored the use of fractal concepts in deep learning, including anomaly detection in fractal
time series using LSTM-based autoencoders [6]. These works indicate the potential of com-
bining neural architectures with structural properties of time series, but the design of neural
models for explicitly self-similar and multifractal data remains insufficiently explored.

Nevertheless, despite the advances made in all the previously mentioned works,
challenges remain in capturing complex temporal patterns. This is particularly evident in
time series with pronounced self-similar and hierarchical structures. When the data exhibits
strong non-stationary behavior or pronounced nonlinearity, this becomes evident in the
forecasting models. If the patterns are complex and large-scale, they can pose challenges
for both basic models such as ARIMA and SARIMA, as well as more complex models
like RNNs [7]. Therefore, it is necessary to employ approaches that effectively handle the
self-similar and hierarchical nature of time series, which requires an additional level of
feature extraction at various levels of abstraction. Fractal neural networks, renowned for
their effectiveness in such tasks, can serve as a solution to this problem.

To a certain extent, fractal neural networks can be considered a new approach to
deep learning, as they are distinguished by the combination of fractal geometry [8] with
neural networks [9], unlike other approaches. The presence of a hierarchical structure and
self-similarity ensures that fractal neural networks are highly effective in modeling complex
patterns and nonlinear dependencies. This feature is particularly useful for time series
with long-term and cyclical dependencies [10]. According to recent studies, fractal neural
networks have significant potential for improving noise robustness as well as enhancing
the models’ generalization ability [11].

Fractal geometry is a branch of mathematics that studies self-similar patterns repeating
at different scales and forming complex hierarchical structures. For this reason, parallel
branches (e.g., Conv1D) or transformations are introduced in fractal neural networks,
which can operate at different levels of abstraction, all thanks to the principle of self-
similarity. The merging of branches is designed for multiscale feature representation and
is typically implemented through averaging and concatenation. A structure consisting
of many branches, where each parallel path performs similar operations and aligns with
the concept of self-similarity inherent in fractal geometry, is called a fractal design. The
effective capture of patterns across different time scales is the main strength of fractal neural
networks [12]. These properties allow fractal architectures to represent multiscale temporal
structure that conventional sequential architectures capture less effectively.

Beyond recurrent architectures, several specialised deep-learning models have recently
been proposed for time-series forecasting. Temporal convolutional networks (TCNs) rely
on dilated causal convolutions to obtain a large receptive field and capture long-range
dependencies without recurrence [13,14]. Feed-forward residual models such as N-BEATS
and its hierarchical successor N-HiTS achieve competitive accuracy on standard forecasting
benchmarks using only backward and forward residual stacks [15,16]. More recently,
Transformer-based forecasters, including Informer, Autoformer, and PatchTST, apply self-
attention mechanisms to long-horizon prediction and currently represent the state of the
art on several benchmarks [17–19]. These families differ fundamentally from the recurrent
networks used as baselines in the present study. Recurrent models (LSTM, BiLSTM, and
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CNN-LSTM) were nonetheless adopted as the comparison set because the proposed method
combines the modified fractal block with an LSTM head; an LSTM-based baseline therefore
isolates the contribution of the fractal block itself. A broader empirical comparison against
convolutional, residual, and attention-based forecasters is left for future work.

1.2. Motivation and Contributions

Despite progress in time-series forecasting, the relationship between measurable fractal
or multifractal properties of a time series and the internal design of a neural forecasting
architecture remains insufficiently explored. It is important to recognize that the use of
fractal neural networks in time series forecasting has not yet been sufficiently studied. This
is why there is a need to integrate neural network architectures with fractal properties. In
theory, this will positively impact forecasting accuracy and help overcome the limitations
of existing methods [20,21].

Experiments comparing fractal neural networks with other deep learning methods
already exist [22]. The results reported in that study showed cases in which established
approaches performed better, as well as cases in which the proposed method prevailed.
These mixed outcomes indicate that the conditions under which fractal architectures are ad-
vantageous are not yet well established, which motivates further systematic investigation.

The major contributions of our study are as follows:

(1) This study adapts the fractal neural design to one-dimensional time-series forecasting
and treats the number of branches in the fractal block as an explicit tunable architec-
tural parameter. Since classical FractalNet already uses parallel paths, the novelty of
this work is not the mere presence of multiple branches, but the use of branch count
as a data-dependent design variable related to the self-similarity and multifractality of
the target series. In the proposed modified fractal block, several parallel Conv1D paths
are aggregated and passed to an LSTM head that models temporal dependencies.

(2) The study systematically examined how different branching configurations of the
modified fractal block affect forecasting accuracy across short-, medium-, and longer-
term prediction horizons.

(3) The proposed FractalNet-LSTM architecture with a modified fractal block was com-
pared with LSTM, BiLSTM, CNN-LSTM, and the classical FractalNet-LSTM model
using several forecasting accuracy metrics. The experiments were conducted on three
time series datasets from different domains.

(4) The study provides empirical evidence that fractal neural architectures are suitable
for forecasting time series with pronounced self-similar and multifractal properties.
The results support the hypothesis that the internal structure of a forecasting model
should be selected with regard to the structural properties of the analyzed time series.

The remainder of the paper is organized as follows: Section 2 presents the materials
and methods used in this study. It includes a description of the approaches for assessing
self-similarity, long-range dependence, and multifractality of time series. This section also
describes the forecasting models used for comparison and the proposed FractalNet-LSTM
model with a modified fractal block based on parametric branching. Section 3 reports the
experimental results. Section 4 discusses the obtained results and interprets them in the
context of the structural properties of the analyzed time series. Finally, Section 5 summarizes
the main findings of the study and outlines priority directions for future research.

2. Materials and Methods
2.1. Methods for Assessing Self-Similarity and Multifractality of Time Series

The study of self-similarity and multifractality of time series is a very important stage,
as it allows one to reveal the deep scale structure of the process, the presence of long-term
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memory, persistence, nonlinearity and heterogeneity of fluctuations on different time scales.
Taking into account these properties allows one to reasonably choose the appropriate
class of forecasting models, to avoid simplified assumptions about the independence or
stationarity of data, to increase the accuracy and stability of forecasts, and to reduce the
risk of obtaining biased or unstable estimates of model parameters.

The DFA (Detrended Fluctuation Analysis) method is used to estimate the scaling
exponent α, which characterizes the long-term correlations and self-similarity of a time
series. The method was proposed by Peng et al. [23,24] to analyze fractal scaling in
time series.

α =
dlog F(s)

dlog s
, (1)

The Abry–Veitch method uses a discrete wavelet transform to estimate the Hurst pa-
rameter H based on the large-scale behavior of the dispersion of the wavelet coefficients [25].
This approach is widely used for the analysis of long-range dependence.

H =
β − 1

2
, (2)

The GPH (Geweke–Porter–Hudak) method is used for semiparametric estimation
of the fractional integration parameter d in long-memory processes [26]. It is based on
log-periodogram regression in the low-frequency domain. In Equation (3), I(λj) is the
periodogram of the series evaluated at the Fourier frequencies λj = 2πj/n (j = 1, . . ., m, with
m ≪ n), c is a constant, εj is the regression error, and the memory parameter d is estimated
as the negative ordinary-least-squares slope of ln I(λj) regressed on ln(4 sin2(λj/2)).

ln I
(
λj
)
= c − d ln

(
4 sin2

(
λj

2

))
+ ε j, (3)

MF-DFA (Multifractal Detrended Fluctuation Analysis) is a generalization of DFA
for studying multifractality. The method allows us to estimate the dependence of the
generalized Hurst exponent h(q) on the moment order q. If h(q) varies with q, the series
has a multifractal structure.

α(q) =
dτ(q)

dq
, (4)

∆α = αmax − αmin, (5)

∆h = h(qmin)− h(q max), (6)

The Wavelet Leaders method, developed by Jaffard et al. [25,27], is a theoretically
rigorous approach to multifractal analysis based on the supremums of wavelet coefficients
in the influence cone. The scaling structure function ζ(q) and the singularity spectrum f(α)
are obtained through the standard Legendre transformation.

α(q) =
dζ(q)

dq
, (7)

∆ζ = ζ(qmin)− ζ(q max), (8)

The integrated use of DFA, Abry–Veitch, GPH, MF-DFA and Wavelet Leaders methods
is relevant and appropriate, as they allow us to study various aspects of the large-scale
structure of time series. DFA, Abry–Veitch and GPH are mainly focused on assessing
self-similarity and long-term memory, while MF-DFA and Wavelet Leaders provide an
in-depth analysis of multifractal properties. The combination of these approaches increases
the reliability of the estimation of the Hurst parameter, allows us to detect hidden patterns
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in complex systems and provides a more complete understanding of the nature of the
processes under study.

2.2. Time Series Forecasting Models

Several methods were employed in this study to ensure a more objective comparison
of results. Therefore, each of these methods was used in the training and subsequent
analysis of the results. The approaches used in this study include BILSTM, CNN-LSTM,
LSTM, FractalNet-LSTM, and the proposed FractalNet-LSTM solution with a modified
fractal block.

The first method used for comparison in this paper is LSTM. Long Short-Term Memory
(LSTM) is a type of recurrent neural network (RNN) that was specifically designed to model
relationships in sequential data. The main difference between this method and canonical
RNNs is its ability to retain information over long time intervals. This is made possible
by the use of a memory cell mechanism as well as a system of control gates. Thus, in time
series forecasting tasks where accounting for short-term and long-term dependencies is
important, this model is highly effective. The model’s advantages, for which it is valued,
include its ability to simultaneously capture local patterns and global trends, as well as
mitigate the gradient explosion problem inherent in classical RNNs.

The second method is the Bidirectional Long Short-Term Memory (BILSTM) method.
In fact, it is considered an improved version of classical recurrent neural networks (RNNs)
and a descendant of LSTM. These approaches are known for their excellent handling of
sequential data such as time series, text, or signals. The main feature of BILSTM that
distinguishes it from its predecessor, LSTM, is its bidirectional nature. While the LSTM
method can process a sequence in only one direction, from the past to the future. While the
BILSTM method has the ability to process in both directions–forward and backward. This
property allows for the processing of both the preceding and subsequent context in the
sequence. In this architecture, the main building block is the LSTM cell. It consists of three
main gates: the input gate, the output gate, and the forget gate. This mechanism enables
control over information to avoid the vanishing or exploding gradient problem inherent in
classical RNNs.

The next approach used in the experiments is a hybrid CNN-LSTM (Convolutional
Neural Network–Long Short-Term Memory) architecture. The idea behind this model is to
combine the strengths of convolutional neural networks (CNNs), which are renowned for
their high-quality handling of spatial patterns, with LSTM-type recurrent networks, which
specialize in processing sequential data. This combination can be effective for various tasks.
Generally, these can be tasks where the data has a spatial or temporal structure. In such
cases, it can be applied to video analysis, dynamic object recognition, or the processing of
time series with feature windows. The latter method corresponds precisely to the current
task of this study. To summarize, the strength of the CNN method lies in the automatic
detection of short-term patterns (peaks, local trends, cycles), while LSTM excels at modeling
long-term dependencies over time; this is why CNN-LSTM is an effective approach for
time series forecasting.

Another hybrid method is FractalNet-LSTM. It is specifically based on fractal prop-
erties and serves as the primary benchmark for comparison with the proposed solution.
In terms of architecture, it is a deep CNN with a fractal structure. Here, the layers are
connected according to a scheme of repetitive branching and merging. This approach
allows for the construction of fairly deep models without the need for manual tuning of
short and long signal propagation layers. The idea underlying the fractal architecture is
that each block has parallel branches of varying lengths; the input signal x passes through
several parallel convolutional layers, after which the outputs of these layers are combined,
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for example, through averaging. To characterize this method, one could say that FractalNet-
LSTM for time series operates as a deep, multi-scale CNN that automatically captures
patterns of varying lengths.

The final method used and implemented as the main result of this work is a fractal
neural network with a modified fractal block, the architecture of which is depicted in
Figure 1. The key feature of this architecture is the modified fractal block, which allows
branching not into two branches, as in the classical implementation, but into an arbitrary
number of branches. Thus, during training, several computation paths of varying lengths
will be combined. As a result, we obtain the effect of an ensemble of models with varying
depths. For time series where short-term and long-term dependencies interact, this is a
crucial factor.

 

Figure 1. FractalNet-LSTM architecture with a modified fractal block.

The construction of the fractal block occurs recursively. For a depth of one, the block
reduces to a single convolutional layer.

ht = ϕ(W ∗ xt + b) (9)

Here, xt is the input time series, W is the convolution kernel, and ϕ is the activation
function. If the depth is greater than 1, the block will branch into k independent sub-blocks.
At the end, their results are combined into a single output. To prevent overfitting, a drop-
path is used in the branches. It allows for increased ensemble diversity. As a result, a
random variable determines the activation of a specific branch. It is also important that this
implementation guarantees the activation of at least one branch. The merging of branches
during training occurs via a normalized sum.

yb =
1

Σjmb
j

k

∑
j=1

mb
j f j

(
xb
)

(10)
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In Formula (10), x is the input to the fractal block, and f j denotes the transformation
applied by the j-th branch. When we are in inference mode, the branches are combined
differently, through averaging.

y =
1
k

k

∑
j=1

f j(x) (11)

Thus, it can be said that the fractal block functions as a set of models with different
structures. After aggregation, the result is further processed by a convolution layer.

z = ϕ
(
Wmerge ∗ y + bmerge

)
(12)

This allows us to integrate information from all paths and form a more generalized
representation of temporal features. In this implementation, the fractal blocks operate on
one-dimensional convolutions, enabling them to efficiently process time series. Thus, the
model is capable of automatically identifying short-term patterns through shallow paths
and long-term dependencies through deep paths. As a result, we have a configurable
number of branches k, drop-path support with a guarantee that at least one branch is
active, averaging implemented during both training and inference, and blocks optimized
for one-dimensional signals.

To objectively evaluate the results of the demonstrated models, several metrics were
employed to assess accuracy and efficiency. Their purpose is to evaluate not only the
proposed solution but also to assess its effectiveness compared to alternative approaches.

MAE is one of the primary metrics for evaluating model accuracy. This metric works
by calculating the average of the absolute differences between the actual values and the
model’s predicted values. The metric is described by the following formula:

MAE =
1
n

n

∑
i=1

|yi − ŷi|, (13)

where yi is the true value and ŷi is the predicted value, and n denotes the number of
observations in the dataset. This metric is useful because it shows how much the model is
off on average in absolute terms.

MAPE does not use absolute values like the previous metric but expresses the error
as a percentage of the true value, thus allowing us to assess the accuracy of the forecast
without depending on the scale of the data. The formula describing the metric:

MAPE =
100%

n ∑n
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣ (14)

RMSE places greater emphasis on large deviations because the error is squared before
being averaged. As a result, the RMSE metric is considered sensitive to large errors, which
plays an important role in the context of forecasting.

RMSE =
√

MSE =

√
1
n∑n

i=1(yi − ŷi)2 (15)

The coefficient of determination (R2) reflects the proportion of variation in the depen-
dent variable that the model explains. An R2 value close to 1 indicates that the model fits
the data well.

R2 = 1 − ∑n
i=1

(
yi − ŷi)

2

∑n
i=1(yi − y)2 , (16)

where yi is the true value, ŷi is the predicted value, and y is the mean of the true values.
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Thus, using all of the aforementioned metrics allows for a comprehensive evaluation
of the models, enabling an analysis of their accuracy, robustness to outliers, and ability
to explain variations in the data. A high coefficient of determination R2 indicates that
the model effectively captures the relationship between input and output data, while low
values for MAE, MAPE, and RMSE signal high model accuracy. Comparing the proposed
FractalNet-LSTM model with a modified fractal block to other classical models using these
metrics allowed us to qualitatively assess the advantages and disadvantages of each model
and draw objective conclusions regarding their suitability for different types of time series.

2.3. Experimental Setup

All experiments were performed on the three real-world datasets described in
Section 3.1 (industrial boiler operations, green-energy production, and road traffic). Prior
to modelling, each series was normalized using min–max scaling to [0, 1], with the scaling
parameters fitted on the training partition only and then applied to the validation and
test partitions to avoid information leakage. The forecasting task was framed as a sliding-
window problem with an input look-back window of 64 time steps and forecast horizons
of 1 and 8 steps ahead, corresponding to the short- and medium-term settings reported in
Section 3.

Each dataset was split chronologically into training, validation, and test partitions with
a distribution of 70%, 15%, and 15%, respectively. The chronological order was preserved
so that no future observations were used during training. A single chronological split was
used for model development and evaluation.

Five architectures were compared under identical data partitions and evaluation
protocol: BiLSTM, CNN-LSTM, LSTM, the classical FractalNet-LSTM, and the proposed
FractalNet-LSTM with the modified fractal block. For the proposed model, the number
of parallel branches in the fractal block was varied from 3 to 5 in order to study the
relationship between branch count and forecasting horizon. The branching range from 3 to
5 was selected as a moderate extension of the classical FractalNet-LSTM configuration. This
range allows the influence of additional parallel computational paths to be evaluated while
avoiding excessive model complexity and overparameterization. The choice is empirical
and is intended to test whether increasing the branching capacity improves forecasting
for time series with different degrees of self-similarity and multifractality. Establishing
a formal mapping between fractal indicators, such as ∆h, ∆α, and ∆ζ, and the optimal
number of branches is considered an important direction for future work.

In the modified fractal block, each branch was a one-dimensional convolutional path
with 64 filters and a kernel size of 3; the recursive depth (number of fractal expansions) was
4. Branch outputs were aggregated as described in Section 2.2 and passed to a two-layer
LSTM with 128 hidden units, followed by a fully connected output layer.

All models were trained with the Adam optimiser using a learning rate of 1 × 10−4, a
batch size of 64, and a maximum of 1000 epochs, minimising the Huber loss. Early stopping
was applied with a patience of 50 epochs based on the validation loss, while the learning
rate was reduced by a factor of 0.5 after 20 epochs without improvement in the validation
loss. During training the branches of the fractal block were regularised with drop-path at
a rate of 0.15; at inference the branch outputs were combined by averaging, as defined in
Equation (11).

All models were implemented in PyTorch 2.5 and trained on NVIDIA RTX 2060. The
reported results correspond to a single fixed-seed run for each model configuration. The
random seed value of 42 was selected to ensure reproducibility of the experimental setup
and to provide consistent comparison conditions across all datasets, forecasting horizons,
baseline models, and branching configurations.
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3. Results
As a result of training on the selected datasets, results were obtained for three top-

ics: the Time-Series of Industrial Boilers [28], the Green Energy Demand-Time Series
Dataset [29], and the Traffic Time Series Dataset [30]. Experiments were conducted on each
of the input datasets using all the methods described in the previous section. In addition,
additional training of the proposed solution was conducted with varying numbers of
branches, ranging from 3 to 5, to determine which configuration performs best and whether
there is a linear relationship between increasing the number of branches and improving
results over a longer forecasting horizon.

3.1. Comprehensive Assessment of Fractal Properties of Time Series

An important step that needed to be completed before training the models was the
selection of relevant datasets. In accordance with the task, time-series data was selected;
however, since the study focuses on fractal and multifractal properties, the selected datasets
should exhibit measurable self-similarity or scale-dependent behavior.

The first dataset used in this study is the Time-Series of Industrial Boiler Opera-
tions [28]. It provides information on boiler operation in industrial settings, with perfor-
mance metrics collected over a 6-day period. However, the data is highly granular, and we
have information on the boiler’s status every 5 s. This dataset had no missing data, but
data preprocessing was performed. To eliminate strong fluctuations, as in the previous
datasets, the data was smoothed to minute granularity. The dataset demonstrates the most
pronounced multifractal behavior among the analyzed datasets. This is confirmed by the
widest multifractal spectrum, with ∆h = 0.657 and ∆α = 0.832. The generalized Hurst
exponent curve h(q) exhibits a distinct S-shaped transition between approximately q ≈ −1
and q ≈ 0, while the singularity spectrum f(α) is strongly asymmetric and characterized
by an extended right tail. Such a structure indicates the coexistence of two qualitatively
different dynamic regimes within the process: frequent small-scale fluctuations associated
with persistent behavior and rare abrupt changes that may correspond to sharp pres-
sure or temperature variations. The DFA estimate also confirms persistent behavior, with
α = 0.832. Therefore, this time series can be characterized as self-similar, but with a highly
heterogeneous singularity structure.

The next dataset used in this study is the Green Energy Demand-Time Series
Dataset [29]. The dataset contains 12 years of collected data on green energy consumption.
This data required preprocessing, as it contained occasional missing values. Linear interpo-
lation was chosen as the processing method to minimize data distortion and preserve its
plausibility. Data smoothing with a 168 h window was also applied, as with the traffic data,
to reduce noise from fluctuations. The dataset exhibits a moderate level of multifractality.
The values ∆h = 0.31 and ∆α = 0.57 indicate a multifractal spectrum of intermediate width
compared with the other analyzed datasets. The f(α) spectrum has a relatively symmetric
shape, with its maximum located near α ≈ 0.71, suggesting a balanced distribution of fluc-
tuation scales. The DFA estimate α = 1.224 indicates fBm-type behavior, which corresponds
to antipersistent dynamics at the level of the original time series. This means that energy
demand tends to reverse after local peaks rather than maintain a stable trend. Overall, the
Green Energy Demand series demonstrates the presence of self-similarity and multifractal
behavior, although these properties are less heterogeneous and less pronounced than in the
Industrial Boiler Operations dataset.

The final dataset used in the experiments was the Traffic Time Series Dataset [30]. This
is synthetic data representing traffic information for a specific location over the course
of one year. Although this dataset had no missing values, data preprocessing was still
performed. To eliminate fluctuations, a 168 h smoothing was applied. This preprocessing
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allowed us to obtain data free of outliers, which better reflects the long-term trend of
the series. The Traffic Time Series Dataset is characterized by the weakest multifractal
properties among the three analyzed time series, as reflected by the narrowest spectrum
values, ∆h = 0.215 and ∆α = 0.383. At the same time, this dataset demonstrates the clearest
form of self-similarity. The DFA curve is the most linear among the analyzed series, with
α = 0.897 and without noticeable plateaus or structural breaks, which is a typical indication
of scale invariance. The f(α) spectrum is symmetric and well formed, suggesting a relatively
homogeneous scaling structure. These results are consistent with the known behavior of
network traffic, which is often close to monofractal and characterized by strong long-range
dependence. Thus, in this case, multifractality can be interpreted as a weak additional
effect superimposed on a dominant self-similar structure.

It should be noted that the three self-similarity estimators in Table 1 (DFA, Abry–Veitch,
and GPH) are based on different principles—time-domain detrended fluctuation analysis,
a wavelet-domain regression, and a low-frequency spectral (log-periodogram) regression,
respectively—and are therefore not expected to return numerically identical values for the
same series. Moderate disagreement between them is normal and reflects their differing
sensitivity to trends, noise, and short-range correlations. In particular, the GPH estimates
of the fractional-integration parameter d exceed the stationary long-memory range (0, 0.5)
for all three series, which suggests that the raw (level) series are non-stationary rather than
stationary long-memory processes; values of d above 1 are consistent with the presence of
a stochastic trend and would typically call for differencing prior to spectral estimation. The
estimates in Table 1 should therefore be read as complementary, qualitative evidence of
the scaling and multifractal structure of the data rather than as directly comparable point
estimates of a single Hurst exponent.

Table 1. Summary estimates of self-similarity and fractality indicators of time series.

Method (Indicator) Green Energy
Demand Industrial Boiler Traffic

DFA (α) 1.224 0.832 0.897
DFA (H) (fGn, fBm) 0.224 (fBm) 0.832 (fGn) 0.897 (fGn)

Abry–Veitch (H) 0.487 0.378 0.150
GPH (d) 1.731 1.146 1.281

MF-DFA (∆h) 0.31 0.657 0.215
MF-DFA (∆α) 0.57 0.832 0.383

WL (∆ζ) 2.857 4.004 3.633

Process type Multifractal,
antipersistent

Multifractal,
persistent

Weak multifractal,
persistent

The comprehensive analysis shows that the three analyzed time series exhibit self-
similar and multifractal properties to different degrees. The Traffic series is closest to
monofractal self-similarity with strong persistence; the Industrial Boiler series is char-
acterized by the most pronounced multifractality with an asymmetric spectrum, which
indicates the cascading nature of dynamic processes; and the Green Energy Demand series
demonstrates anti-persistent behavior with moderate symmetric multifractality.

3.2. Comparison of the Obtained Results of Time Series Prediction

The first results discussed pertain to data from the Time-Series of Industrial Boilers.
An evaluation of the results presented in Table 2 shows that the modified FractalNet-LSTM
achieved the best or among the best results across the considered forecasting horizons, both
short- and medium-term. Among all variations, the proposed solution achieves higher
accuracy than the baseline approach on this dataset. Furthermore, it is clearly evident that
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models with a modified fractal block demonstrated stronger results than other models
considered in this study that lack fractal properties.

Table 2. Comparative test results of trained models on the Industrial Boiler Operations dataset.

Output Model MAE MAPE R2 RMSE

1

bilstm 0.1486 0.0003 0.8933 0.1623
cnn-lstm 0.1783 0.0003 0.8576 0.1969
fractalnet 0.0275 5.09 × 10−5 0.9380 0.0313

fractalnet k3 0.0170 3.13 × 10−5 0.9391 0.0198
fractalnet k4 0.0357 6.59 × 10−5 0.9383 0.0394
fractalnet k5 0.0326 6.02 × 10−5 0.9379 0.0358

lstm 0.1497 0.0003 0.8931 0.1635

8

bilstm 0.3864 0.0007 0.5728 0.4325
cnn-lstm 0.3045 0.0006 0.6979 0.3496
fractalnet 0.2275 0.0004 0.8046 0.2701

fractalnet k3 0.0960 0.0002 0.9195 0.1195
fractalnet k4 0.0988 0.0002 0.9172 0.1226
fractalnet k5 0.1047 0.0002 0.9101 0.1291

lstm 0.2350 0.0004 0.6776 0.2759

16

bilstm 0.3034 0.0006 0.5736 0.3682
cnn-lstm 0.2680 0.0004 0.6751 0.3360
fractalnet 0.2326 0.0004 0.7647 0.2950

fractalnet k3 0.2007 0.0004 0.8209 0.2486
fractalnet k4 0.1995 0.0004 0.8265 0.2473
fractalnet k5 0.2059 0.0004 0.8106 0.2566

lstm 0.3108 0.0006 0.5472 0.3752

32

bilstm 0.9526 0.0018 −2.1210 1.1040
cnn-lstm 0.5248 0.0010 −0.2113 0.6567
fractalnet 0.4491 0.0008 −0.0019 0.5761

fractalnet k3 0.2615 0.0005 0.5536 0.3505
fractalnet k4 0.2603 0.0004 0.5610 0.3542
fractalnet k5 0.2680 0.0005 0.5556 0.3568

lstm 0.9502 0.0018 −2.1256 1.0993

Thus, this reinforces the relevance of this solution not only in comparison to the
classical FractalNet-LSTM but also as a reliable alternative to other neural network ar-
chitectures. Furthermore, when comparing the results with Figure 2, we arrive at the
important conclusion that branching into 3 branches performed better for shorter forecast
horizons, while branching into 4 branches performed better for longer forecast intervals.
A final strong argument in favor of the proposed solution is that all metrics showed the
highest results for the same model. Therefore, this can be interpreted as stability and a clear
advantage of the approach for this data. Summarizing the results, the best performance
was achieved with a 1-step and 8-step forecast window, reaching R2 values of 0.9391 and
0.9195, respectively. At the same time, when forecasting 1 step ahead, the R2 increased by
approximately 0.001 (from 0.9380 to 0.9391) relative to the classical approach, and when
forecasting 8 steps ahead, the R2 increased by approximately 0.11 (from 0.8046 to 0.9195)
relative to the classical approach.
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Figure 2. Forecasting accuracy of FractalNet-LSTM models with 2, 3, 4, and 5 branches for the
Industrial Boiler Operations dataset.

The following results were obtained for the Green Energy Demand-Time Series Dataset.
Here, the models also demonstrated good performance and high accuracy. Comparing
the results on Table 3, we can see that fractal neural networks are the leaders here as
well; they performed strongly over the short, medium, and long terms. Here, FractalNet-
LSTM with a modified fractal block performed best with a 3-branch structure over the
short- and medium-term periods. At the same time, for the long-term forecast, a 5-branch
structure performed better. An important observation is that, just as in the previous data,
a smaller number of branches is sufficient for shorter-term forecasts, while a longer-term
forecast requires a higher number of branches. This shows that if the data has a fractal
structure, increasing the number of branches allows for the capture of more complex
features. Summarizing the results, the highest performance was observed in the 1-step
and 8-step forecasts, reaching R2 values of 0.9808 and 0.8445, respectively. For 1-step
forecasting, the R2 of the proposed architecture increased by approximately 0.05 (from
0.9316 to 0.9808) relative to the classical FractalNet-LSTM implementation, and for 8-step
forecasting, the R2 increased by approximately 0.11 (from 0.7357 to 0.8445) relative to the
classical implementation.

The final dataset considered was the Traffic Time Series Dataset. Analyzing the results
in Table 4, we can conclude that fractal-based models did not consistently outperform
CNN-LSTM. This can largely be explained by the fact that this dataset is characterized
by strong fluctuations, which caused FractalNet-LSTM with a modified fractal block to
perform worse than the alternatives.

For the same reason, CNN-LSTM was generally superior on this dataset, as it han-
dles short-term fluctuations well. On the Traffic series the fractal-based models did not
outperform CNN-LSTM, and at the longer horizons R2 became negative for all models;
the proposed model retained an advantage only for the shortest horizon. This is consis-
tent with the weak multifractal structure of the Traffic series reported in Section 3.1 and
points to a boundary condition of the approach: the modified fractal block is beneficial
mainly when self-similarity is accompanied by pronounced multifractality, rather than on
near-monofractal, noise-dominated series.
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Table 3. Comparative test results of trained models on the Green Energy Demand-Time Series Dataset.

Output Model MAE MAPE R2 RMSE

1

bilstm 15.5628 0.0075 0.9287 18.9401
cnn-lstm 42.0743 0.0196 0.2966 47.0445
fractalnet 13.4161 0.0057 0.9316 15.8199

fractalnet k3 5.7467 0.0023 0.9808 7.2386
fractalnet k4 8.3970 0.0033 0.9567 10.4270
fractalnet k5 8.0760 0.0033 0.9653 9.8890

lstm 15.2578 0.0074 0.9301 18.6222

8

bilstm 39.4463 0.0191 0.4886 49.5381
cnn-lstm 34.9883 0.0154 0.5720 43.6789
fractalnet 27.4678 0.0125 0.7357 35.6145

fractalnet k3 21.0444 0.0095 0.8445 27.3641
fractalnet k4 22.5717 0.0101 0.8200 29.0351
fractalnet k5 23.6289 0.0105 0.8034 30.2219

lstm 39.1636 0.0190 0.4911 49.3450

16

bilstm 46.7367 0.0228 −0.0151 60.4589
cnn-lstm 45.0840 0.0206 0.2835 58.1579
fractalnet 38.4476 0.0180 0.4448 52.0909

fractalnet k3 36.4701 0.0171 0.5118 48.6529
fractalnet k4 36.3651 0.0171 0.5082 48.4262
fractalnet k5 37.5860 0.0176 0.4862 49.5563

lstm 59.1704 0.0288 −0.2383 75.2114

32

bilstm 86.2840 0.0410 −2.1379 109.7214
cnn-lstm 84.5319 0.0394 −1.6826 107.0107
fractalnet 69.3945 0.0331 −0.9328 93.3762

fractalnet k3 70.0809 0.0333 −0.9169 92.9875
fractalnet k4 71.4435 0.0337 −0.9787 94.2734
fractalnet k5 68.8895 0.0329 −0.8507 91.2031

lstm 90.8708 0.0427 −2.3025 113.8390

Table 4. Comparative test results of trained models on the Traffic Time Series Dataset.

Output Model MAE MAPE R2 RMSE

1

bilstm 26.080 0.021 0.843 41.038
cnn-lstm 26.854 0.022 0.836 42.141
fractalnet 26.436 0.022 0.842 41.447

fractalnet k3 25.862 0.021 0.855 42.001
fractalnet k4 26.122 0.022 0.837 42.121
fractalnet k5 25.603 0.021 0.855 41.670

lstm 27.259 0.022 0.836 41.860

8

bilstm 64.529 0.053 0.414 85.253
cnn-lstm 61.726 0.050 0.461 81.671
fractalnet 62.685 0.051 0.450 83.146

fractalnet k3 62.706 0.051 0.460 84.516
fractalnet k4 63.499 0.052 0.455 83.735
fractalnet k5 62.982 0.051 0.456 83.213

lstm 64.860 0.053 0.409 85.145
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Table 4. Cont.

Output Model MAE MAPE R2 RMSE

16

bilstm 90.704 0.074 −0.049 116.399
cnn-lstm 81.151 0.066 0.132 103.901
fractalnet 83.632 0.068 0.079 107.587

fractalnet k3 83.260 0.068 0.088 106.937
fractalnet k4 83.667 0.068 0.065 108.419
fractalnet k5 80.482 0.065 0.066 103.396

lstm 88.735 0.073 −0.048 112.970

32

bilstm 112.578 0.092 −0.588 138.893
cnn-lstm 106.562 0.087 −0.450 132.131
fractalnet 110.477 0.091 −0.634 137.392

fractalnet k3 108.094 0.088 −0.455 134.178
fractalnet k4 109.099 0.090 −0.604 135.081
fractalnet k5 107.801 0.088 −0.533 134.238

lstm 113.308 0.093 −0.637 138.858

3.3. Comparison of Model Accuracy for Different Branching Patterns in the Fractal Block

Here, we will examine how changing the number of branches affected the accuracy
of the models. The results make it possible to identify branching configurations that were
more effective for particular datasets and forecasting horizons. But the most interesting
finding among these observations is that, in any case, the best results were obtained in
models with more than two branches, which supports the relevance of treating the number
of branches as a tunable architectural parameter.

Analysis of Figure 2 shows that the modification of the fractal block through paramet-
ric branching improves the forecasting performance for the Industrial Boiler Operations
dataset compared with the classical two-branch FractalNet-LSTM configuration. The best re-
sults for shorter forecasting horizons were obtained with a three-branch structure, whereas
further increasing the number of branches did not always lead to additional improvement
and in some cases slightly reduced accuracy. However, as the forecasting horizon increases,
configurations with a greater number of branches become more competitive, indicating that
deeper or more complex fractal representations are more suitable for capturing long-term
dependencies. This behavior can be explained by the pronounced fractal and multifractal
properties of the Industrial Boiler time series, including a high DFA value and the widest
multifractal spectrum among the analyzed datasets. Therefore, the obtained results support
the main assumption of this study: for time series with strong self-similarity and hetero-
geneous scaling behavior, the architecture of the fractal block should be adapted to the
complexity of the underlying temporal structure.

Figure 3 illustrates the influence of the branching configuration in the modified fractal
block on the forecasting accuracy for the Green Energy Demand dataset. The obtained
results show that the proposed parametric branching provides a clear advantage over the
classical two-branch FractalNet-LSTM configuration, especially for short- and medium-
term forecasting horizons. This confirms that the presence of self-similar properties in the
data makes the use of fractal neural architectures methodologically justified.

At the same time, the improvement is less pronounced than for the Industrial Boiler
Operations dataset, which can be explained by the more moderate multifractal characteris-
tics of the Green Energy Demand series. Although the DFA value indicates the presence
of scale-dependent behavior, the multifractal spectrum is narrower, suggesting a more
homogeneous distribution of fluctuations across scales.
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Figure 3. Forecasting accuracy of FractalNet-LSTM models with 2, 3, 4, and 5 branches for the Green
Energy Demand dataset.

Consequently, increasing the number of branches improves the model’s ability to cap-
ture multiscale temporal dependencies, but excessive branching does not necessarily lead
to proportional accuracy gains. These results support the assumption that the complexity
of the fractal block should be selected according to both the degree of self-similarity and
the strength of multifractal properties in the analyzed time series.

Figure 4 shows only limited and inconsistent improvements when the number of
branches is increased. This can be attributed to the weaker multifractal properties of this
series. Although the DFA results indicate the presence of self-similarity, the relatively
narrow multifractal spectrum suggests that the scaling behavior of the traffic data is more
homogeneous and closer to monofractal dynamics.

 
Figure 4. Forecasting accuracy of FractalNet-LSTM models with 2, 3, 4, and 5 branches for the Traffic
Time Series Dataset.
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The less pronounced improvement of fractal-based models on the Traffic Time Series
Dataset is likely associated with the weak multifractal structure of this series. While the data
exhibit certain self-similar properties, the relatively lower multifractal measures indicate
a limited degree of heterogeneous scaling behavior. Consequently, the advantages of the
modified fractal block, which is designed to capture complex multiscale dependencies,
become less evident than in datasets with stronger multifractality. However, the observed
improvements for some branching configurations suggest that increasing the number of
branches may still enhance the model’s ability to extract residual self-similar patterns, even
when multifractal properties are weakly expressed.

4. Discussion
The results of this study demonstrate that the structural properties of time series

should be explicitly considered when selecting and configuring forecasting models. The
preliminary analysis based on DFA, Abry–Veitch, GPH, MF-DFA, and Wavelet Leaders
methods showed that the investigated datasets exhibit different degrees of self-similarity,
long-range dependence, and multifractality. These characteristics are important because
they indicate that temporal dependencies may appear not only as local sequential patterns,
but also as scale-dependent structures distributed across different time horizons. Therefore,
the use of forecasting architectures capable of representing multiscale and hierarchical
dependencies is methodologically justified for such data.

The obtained experimental results confirm that fractal neural networks are appropriate
for forecasting time series with evident fractality and self-similarity. In particular, the
proposed FractalNet-LSTM architecture with a modified fractal block demonstrated strong
performance on the Industrial Boiler Operations and Green Energy Demand datasets,
where fractal and multifractal properties were identified during the preliminary analysis.
Compared with LSTM, BiLSTM, CNN-LSTM, and the classical FractalNet-LSTM, the
modified architecture achieved better results across several forecasting horizons. This
supports the assumption that the internal architecture of the forecasting model should
reflect the intrinsic scale organization of the analyzed time series.

The advantage of the proposed approach can be explained by the ability of fractal
neural networks to form several computational paths with different effective depths. Such
a structure allows the model to simultaneously extract short-term local patterns and longer-
term dependencies. This is especially relevant for self-similar time series, where similar
structures may recur at different temporal scales. In this context, the modified fractal block
functions as an embedded ensemble of paths with different representational capacities,
while the aggregation of these paths enables the model to construct a more generalized
multiscale representation of temporal dynamics.

An important finding of this study is that the classical two-branch fractal block is not
always sufficient for time series with complex scale-dependent behavior. The introduction
of parametric branching made it possible to adapt the fractal block to the complexity of
the data. The experiments showed that models with more than two branches often outper-
formed the classical FractalNet-LSTM configuration. For shorter forecasting horizons, a
smaller number of branches was usually sufficient, whereas longer horizons often benefited
from a larger number of branches. This indicates that the branching complexity of the
fractal block should be treated as a data-dependent architectural parameter rather than as a
fixed design choice.

The results also suggest that the stronger the multifractal properties of a time series
are, the more appropriate it becomes to use fractal neural networks with a deeper or more
complex fractal block. Multifractality reflects heterogeneous scaling behavior, meaning that
different fluctuation intensities may follow different scaling laws. In such cases, a shallow

https://doi.org/10.3390/app16157563

https://doi.org/10.3390/app16157563


Appl. Sci. 2026, 16, 7563 17 of 20

or weakly branched architecture may not be able to capture the full spectrum of temporal
dependencies. A deeper fractal block, or a block with a larger number of branches, provides
a richer set of computational paths and improves the ability of the model to approximate
complex multiscale dynamics.

At the same time, the results obtained for the Traffic Time Series Dataset show that the
presence of self-similarity alone does not guarantee the superiority of fractal architectures
in all forecasting scenarios. Although this dataset demonstrated fractal characteristics,
CNN-LSTM achieved competitive or better results for several horizons, which may be
associated with strong local fluctuations and noise-like variations. This indicates that fractal
neural networks are most effective when self-similarity is accompanied by sufficiently
stable hierarchical or multifractal structure. However, because only three datasets were
considered, the relationship between indicators such as ∆h, ∆α, ∆ζ, and the optimal number
of branches cannot yet be formalized as a reliable quantitative rule. Therefore, future model
selection should rely not only on a single self-similarity indicator, but on a comprehensive
assessment of fractal and multifractal properties, including ∆h, ∆α, and ∆ζ.

The preprocessing procedure should also be considered when interpreting the results.
In this study, the datasets were processed using a structurally consistent pipeline. Although
the exact preprocessing operations depended on the original temporal resolution and
quality of each dataset, the general procedure was kept uniform: missing values were
handled where necessary, temporal resolution was adjusted when required, smoothing was
applied to reduce high-frequency fluctuations. This ensures that the estimated fractal and
multifractal indicators correspond to the same data representation that was used as input
to the forecasting models.

The present study does not include a separate ablation analysis of preprocessing
choices. Such an ablation would be important because smoothing, aggregation, and resam-
pling may influence both the estimated scaling properties and the forecasting performance.
A comprehensive preprocessing ablation would require comparing raw, smoothed, re-
sampled, and combined preprocessing variants, followed by repeated fractal analysis
and repeated model training for each variant. This is a broad and promising research
direction, especially in the context of time-series forecasting for data with fractal and multi-
fractal properties. Therefore, preprocessing ablation is considered a priority direction for
future work.

5. Conclusions
This study confirms the relevance of using fractal neural networks for forecasting time

series that exhibit fractality, self-similarity, and multiscale temporal dependencies. The
proposed FractalNet-LSTM architecture with a modified fractal block improved forecasting
accuracy compared with the classical two-branch FractalNet-LSTM and several non-fractal
neural architectures. The main advantage of the proposed approach lies in its ability to
adapt the branching structure of the fractal block and to represent temporal dependencies
at different levels of abstraction.

The experimental results indicate that increasing the number of branches in the fractal
block can improve forecasting performance, especially for datasets with more pronounced
fractal or multifractal properties and for longer forecasting horizons. This suggests that
the depth and branching complexity of the fractal block should be selected according to
the structural properties of the time series. In particular, when multifractality is more
significant, the use of deeper or more expressive fractal blocks becomes more justified, since
such architectures are better suited to modeling heterogeneous scaling behavior.

Several limitations should be acknowledged. First, the reported metrics correspond to
single training runs for each configuration; because the differences between the strongest

https://doi.org/10.3390/app16157563

https://doi.org/10.3390/app16157563


Appl. Sci. 2026, 16, 7563 18 of 20

models are in some cases small, a fuller evaluation using several random seeds, reported as
the mean ± standard deviation together with a statistical significance test (for example, the
Diebold–Mariano test), is required to confirm the robustness of the observed improvements.
Second, the evaluation is based on three datasets, so the findings should be validated on a
wider range of series before being generalised. Third, the baselines belong to the recurrent
family (LSTM, BiLSTM, and CNN-LSTM); a comparison against convolutional, residual,
and attention-based forecasters would provide a more complete assessment of the proposed
architecture. Addressing these points is left for future work.

A priority area for future research is to establish a relationship between the depth or
complexity of the branching of a fractal block and the multifractal characteristics of the time
series. Future research should establish relationships between indicators such as ∆h, ∆α,
and ∆ζ and hyperparameters responsible for the number of branches, recursive depth, and
regularization parameters of the fractal block. Also, future experiments should be repeated
over multiple random seeds and reported as mean ± standard deviation. This would allow
the robustness of the proposed architecture to stochastic effects in the training process to be
evaluated more rigorously.
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Abbreviations
The following abbreviations are used in this manuscript:

FractalNet Fractal neural network
LSTM Long short-term memory
BiLSTM Bidirectional long short-term memory
CNN Convolutional neural network
ARIMA Autoregressive integrated moving average
SARIMA Seasonal autoregressive integrated moving average
ARCH Autoregressive conditional heteroskedasticity
GRU Gated recurrent unit
RNN Recurrent neural network
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TCN Temporal convolutional network
ResNet Residual neural network
Conv1D Convolutional one-dimensional layer
MSE Mean squared error
MAE Mean absolute error
RMSE Root mean square error
R2 Coefficient of determination
ReLU Rectified Linear Unit
DFA Detrended fluctuation analysis
GPH Geweke–Porter–Hudak
MF-DFA Multifractal Detrended Fluctuation Analysis
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